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RÉSUMÉ  
La leucémie aiguë lymphoblastique (LAL) est une maladie complexe à l’étiologie 
multifactorielle. Elle représente la forme la plus commune de cancer pédiatrique et malgré 
une augmentation significative du taux de survie des patients, près de 15% d’entre eux ne 
répondent pas aux traitements classiques et plus de 2/3 subissent les effets du traitement à 
long terme. Réduire ces chiffres passe par une meilleure compréhension des causes sous-
jacentes de la LAL. 
À  travers l’analyse des données de séquençage de nouvelle génération (SNG) de la cohorte 
QcALL du CHU Sainte-Justine, je me suis intéressé aux déterminants génomiques 
contribuant aux différents aspects de la LAL (prédispositions, développement/progression et 
rechutes). Dans un premier temps, j’ai développé un outil d’analyse (SNooPer) basé sur un 
algorithme d’apprentissage intégrant les données SNG normales et tumorales des patients, 
permettant d’identifier les mutations somatiques au sein de données à faible couverture (low-
pass). Cet outil, couplé aux analyses prédictives in silico et aux validations fonctionnelles 
adéquates, nous a permis de caractériser les événements rares ou récurrents impliqués dans 
le processus leucémogène. 
En analysant les données de LALs pré-B, j’ai pu mettre en évidence une série de mutations 
drivers rares au niveau de gènes (ACD, DOT1L, HCFC1) qui n’avaient jamais été associés à 
la LAL. L’étude fonctionnelle de la mutation identifiée au niveau d’ACD, membre du complexe 
shelterin, a démontré qu’elle conduit à une réduction de l’apoptose et une augmentation de la 
taille des télomères. Outre l’intérêt de la découverte de ces nouveaux drivers, je souhaitais 
démontrer l’importance des mutations somatiques rares afin d'établir la spécificité 
interindividuelle, généralement sous-estimée, et d’identifier l’ensemble des fonctions 
cellulaires impliquées. 
Au cours de ces travaux, j'ai également mis en évidence de nouveaux évènements récurrents 
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de la LAL à cellules T (LAL-T), en particulier au niveau de patients présentant un phénotype 
immature encore mal caractérisé. J'ai démontré l’influence d'une mutation dans le gène 
codant pour U2AF1, membre de la machinerie d’épissage (spliceosome), sur l’épissage de 
gènes d’intérêt et ainsi confirmer l’importance du dysfonctionnement de l’épissage dans le 
développement de la leucémie. J'ai également identifié deux suppresseurs de tumeurs portés 
par le chromosome X, MED12 et USP9X, qui n’avaient jamais été associés à la LAL-T 
auparavant et qui représentent un intérêt particulier étant donné le débalancement de 
l'incidence en fonction du sexe (ratio garçon:fille =1.22). 
Enfin, grâce à l’étude longitudinale de patients LAL-B ayant subi une ou plusieurs rechutes, 
j'ai analysé l'architecture et l'évolution clonales des tumeurs. J’ai ainsi identifié 2 profils 
évolutifs distincts gouvernant les rechutes précoces et tardives: d'un côté, une dynamique 
élevée alimentée par un dysfonctionnement des mécanismes de réparation de l'ADN et 
conduisant à l'émergence rapide de clones mieux adaptés – de l'autre, une dynamique 
réduite, quasi-inerte, suggérant l'échappement de cellules en dormance épargnée par la 
chimiothérapie. 
De manière générale, cette thèse a permis de contribuer à la caractérisation des 
déterminants génomiques qui constituent la variabilité inter- et intra-tumorale, participent au 
processus leucémogène et/ou aux mécanismes de résistance au traitement. Ces nouvelles 
connaissances contribueront à un raffinement de la stratification des patients et leur prise en 
charge personnalisée. 
 
Mots-clés: leucémie aiguë lymphoblastique de l'enfant, génomique, drivers, mutations rares 
et récurrentes, mutations somatiques, séquençage de nouvelle génération, algorithme 
d’apprentissage, rechute, architecture et dynamique clonales, susceptibilité génétique. 
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ABSTRACT 
Acute lymphoblastic leukemia (ALL) is a complex disease with a multi-factorial etiology. It 
represents the most frequent pediatric cancer and despite a significant increase of survival 
rate, about 15% of the patients still do not respond to current treatment protocols and over 
2/3 of survivors experience long-term treatment related side effects. To reduce these 
numbers, a better understanding of the underlying causes of ALL is needed. 
Through the analysis of next-generation sequencing (NGS) data obtained from the 
established Quebec cALL (QcALL) cohort of the Sainte-Justine hospital, I have been 
particularly concerned about the genomic determinants that contribute to different phases of 
ALL (predispositions, onset/progress and relapses). First, I developed an analysis tool 
(SNooPer) based on a machine learning algorithm integrating both normal and tumor NGS 
data of the patient to identify somatic mutations from low-pass sequencing. This tool, 
combined to in silico predictive analysis and to adequate functional validations, allowed us to 
characterize rare or recurrent events involved in the leukemogenesis process. 
Through the analysis of pre-B ALLs, I have been able to identify several rare driver genes 
which had never been associated to ALL before (ACD, DOT1L, HCFC1). The functional study 
of the identified mutation in ACD, a member of the shelterin complex, showed a concomitant 
lengthening of the telomeres and decreased apoptosis levels in leukemia cells. Besides the 
interest aroused by the discovery of these new drivers, I wanted to demonstrate the 
importance of low-frequency somatic events to establish the generally underestimated 
interindividual specificity and identify all cellular functions involved. 
During this work, I also identified new recurrent driver events in T-cell ALL (T-ALL), 
particularly among poorly characterized immature T-ALL patients. For example, I 
demonstrated the impact of a recurrent mutation in U2AF1, member of the spliceosome, on 
alternative splicing of cancer-relevant genes, further suggesting the importance of aberrant 
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splicing in leukemogenesis. I also identified two new X-linked tumor suppressors, MED12 and 
USP9X, never associated to T-ALL before and obtained results supporting a potential role for 
these genes in the male-biased sex ratio observed in T-ALL (ratio male:female =1.22). 
Finally, through the longitudinal study of pre-B cALLs who suffered one or multiple relapses, I 
analyzed the clonal architecture and evolution of the tumors. I identified two distinct evolution 
patterns governing either early or late relapses: on one hand a highly dynamic pattern, 
sustained by a defect of DNA repair processes, illustrating the quick emergence of fitter 
clones - and on the other hand, a quasi-inert evolution pattern suggesting the escape from 
dormancy of neoplastic stem cells likely spared from initial cytoreductive therapy. 
Overall, this thesis contributed to the characterization of genomic determinants that constitute 
the inter- and intra-tumor variability, participate in leukemogenesis and/or in resistance 
mechanisms. This new knowledge will contribute to refine patient stratification and treatment. 
 
Keywords: Childhood acute lymphoblastic leukemia, genomic, rare or recurrent driver 
mutations, somatic mutations, next-generation sequencing, machine learning, relapse, clonal 
architecture and dynamics, genetic susceptibility. 
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1.1. Les cancers pédiatriques 
D'après l'agence nationale de santé publique (Centre for Chronic Disease Prevention and 
Control, Public Health Agency of Canada, Ottawa, Ontario, Canada), en moyenne 850 
enfants (<15 ans) sont diagnostiqués avec un cancer chaque année au Canada. Les patients 
âgés de 1 à 14 ans représentent un peu moins d'1% du total des cas identifiés dans le pays 
mais avec 135 morts par an, le cancer est la cause principale de décès liés à une maladie 
chez l'enfant (Canadian Cancer Statistics 2008. Toronto (ON): Canadian Cancer 
Society/National Cancer Institute of Canada; 2010). 
 
Avec 32.5% du total de cancers diagnostiqués, la leucémie est le type de cancer pédiatrique 
qui présente le plus grand nombre de cas au cours de la période de l'étude (15 ans de 1992 
à 2006) [1], suivi du cancer du système nerveux central (19.9%) et des lymphomes (11.2%, 
Tableau I). 
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Tableau I. Nombre de cas de cancer pediatrique (0-14 years) et taux d'incidence moyen 
standardisés sur l'âge par million, par sexe et par groupe d'âge, Canada, 1992-2006. 
Tableau reproduit de Mitra et al., 2012 [1]. 
 
Groupe
Garçons Filles < 1 1–4 5–9 10–14 Total
Ensemble des cancers combinés
Nombre total de cas 7131 6070 1308 4768 3441 3694 13211
ASIR, par million 160.7 143.4 245.1 213.1 116.2 120.3 152.3
I Leucémies
Nombre total de cas 2345 1940 264 2060 1175 788 4287
ASIR, par million 53.1 46.1 49.5 92.1 39.7 25.7 49.7
II Lymphomes
Nombre total de cas 981 499 46 222 426 786 1480
ASIR, par million 21.4 11.4 8.6 9.9 14.4 25.6 16.5
III Sytème nerveux central
Nombre total de cas 1408 1217 142 820 915 754 2631
ASIR, par million 31.5 28.5 26.6 36.6 30.9 24.6 30
IV Neuroblastomes
Nombre total de cas 498 463 334 475 119 32 960
ASIR, par million 11.8 11.5 62.6 21.2 4 1 11.7
V Rétinoblastomes
Nombre total de cas 167 156 108 200 11 3 322
ASIR, par million 4.0 3.9 20.2 8.9 0.3 <0.1 3.9
VI Tumeurs rénales
Nombre total de cas 343 414 99 436 178 44 757
ASIR, par million 7.9 10 18.6 19.5 6 1.4 9
VII Tumeurs hépatiques
Nombre total de cas 120 79 49 109 20 22 200
ASIR, par million 2.8 2 9.2 4.9 0.7 0.7 2.4
VIII Tumeurs osseuses
Nombre total de cas 304 294 5 50 175 368 598
ASIR, par million 6.5 6.6 0.9 2.2 5.9 12 6.6
IX Sarcomes des tissus mous
Nombre total de cas 451 366 84 210 230 292 816
ASIR, par million 10.0 8.6 15.7 9.4 7.8 9.5 9.3
X Tumeurs des cellules germinales
Nombre total de cas 201 237 75 91 57 216 439
ASIR, par million 4.6 5.5 14.1 4.1 1.9 7 5
XI Carcinomes et tumeurs épithéliales
Nombre total de cas 213 295 40 34 96 338 508
ASIR, par million 4.6 6.7 7.5 1.5 3.2 11 5.6
XII Autre
Nombre total de cas 100 110 62 61 39 50 212
ASIR, par million 2.4 2.7 11.6 2.7 1.3 1.6 2.5
Sexe Groupes d'âge
 
ASIR, age-standardized incidence rate. 
 
Le cancer du cerveau a récemment surpassé la leucémie comme première cause de décès 
liée au cancer [2]. Une amélioration significative des connaissances sur la leucémie au cours 
des 60 dernières années a permis de mettre en place des traitements conduisant à une 
diminution du taux de mortalité de 76%, contre 31% seulement en ce qui concerne le cancer 




Figure I. Chronologie de la recherche sur les cancers hématologiques. Principales 
découvertes biologiques (bleu) et cliniques (gris) de 1950 à nos jours conduisant à 
l'amélioration des connaissances sur la leucémie et les lymphomes et une meilleure prise en 
charge des patients. ALL, acute lymphoblastic leukemia; AML, acute myeloid leukemia; 
APML, acute promyelocytic leukemia; CML, chronic myeloid leukemia; EBV, Epstein-Barr 
virus; HTLV‐1, human T-lymphotropic virus 1; IGH, immunoglobulin heavy chain locus; MRD, 
minimal residual disease; Ph, Philadelphia chromosome. Figure adaptée de Greaves, 2016 
[3]. 
 
Ces recherches ont également permis de mieux caractériser les cancers pédiatriques par 
rapport à ceux retrouvés chez l'adulte. Outre une agressivité et une capacité d'invasion 
accrues, plusieurs points les distinguent. Si certains cancers relativement fréquents chez 
l'enfant comme les médulloblastomes ou les neuroblastomes sont extrêmement rares chez 
l'adulte [4], au sein même d'un type histologique particulier, adultes et enfants présentent 
également des sous-types moléculaires et un spectre mutationnel divergents. Par exemple, 
la translocation t(12;21) (ETV6-RUNX1/TEL-AML-1) est retrouvée chez 21% des LAL de 
l’enfant et y représente l'altération la plus fréquente alors que chez l'adulte, c'est la 
translocation t(9;22) (BCR-ABL1) qui est la plus souvent identifiée (27% des cas) [4]. Ces 
spécificités s'expliquent en partie par l'origine in utero de nombreux cancers pédiatriques qui 
se développent au sein de tissus en développement présentant une activité cellulaire 
importante impliquant division rapide et maturation. 
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1.2. Hématopoïèse et leucémogenèse 
L'hématopoïèse représente l'ensemble des processus permettant la production et la 
maturation des cellules sanguines à partir de cellules souches hématopoïétiques (CSH). Au 
cours du développement, l'hématopoïèse prend place au sein d'une succession de tissus 
incluant le sac vitellin, la région AGM (aorte-gonade-mésonéphros), le placenta et le foie 
fœtal (Figure II) [5]. Après la naissance, l'hématopoïèse prend place au niveau de la moelle 
osseuse où l'exposition des cellules totipotentes à divers facteurs de croissance ou de 
transcription permet le maintien de leur capacité d'auto-renouvèlement (ex: RUNX1, LMO2, 
MLL et GATA2 [5,6]), la génération de progéniteurs multipotents à partir des CSH (ex: 
GATA1, E2A et EBF [5,6]) et leur différenciation en précurseurs lignée-spécifiques (ex: EKLF, 
FOG1 et GFI1 [5,6]) qui donneront les cellules sanguines matures de la lignée lymphoïde 
(lymphocytes B, T et natural killer) et myéloïde (granulocytes, monocytes, plaquettes, 




Figure II. Illustration de l'hématopoïèse. Le panneau supérieur illustre les étapes et les 
tissus de l'hématopoïèse au cours du développement de la souris. Le panneau inférieur décrit 
les étapes de différenciation conduisant à la génération des cellules sanguines matures chez 
les mammifères ainsi que les facteurs de transcription gouvernant ces étapes. ECs, 
endothelial cells; RBCs, red blood cells; LT-HSC, long-term hematopoietic stem cell; ST-
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HSC, short-term hematopoietic stem cell; CMP, common myeloid progenitor; CLP, common 
lymphoid progenitor; MEP, megakaryocyte/erythroid progenitor; GMP, 
granulocyte/macrophage progenitor. Figure reproduite d’Orkin and Zon, 2008 [5]. 
 
La leucémogenèse est le résultat, entre autre, d’une acquisition d'altérations génétiques 
(translocations, variations du nombre de copie d'un gène (CNV), petites insertions ou 
délétions (indels) ou encore mutations ponctuelles (SNV)) et épigénétiques au niveau d'une 
cellule hématopoïétique normale non mature. Ces modifications transforment une CSH ou 
cellule progénitrice multipotente en cellule néoplasique capable d'auto-renouvèlement à 
l'origine de la prolifération clonale maligne [8]. Les évènements génétiques ou épigénétiques 
contribuant à la transformation cellulaire, à la progression de la maladie, ou de manière 
générale conférant un avantage sélectif aux cellules mutées par rapport aux cellules 
normales ou aux autres cellules tumorales, seront appelés évènements “drivers”. Ces 
mutations drivers sont à distinguer de celles appelées “passengers” qui n'ont pas participé à 
l'émergence de la tumeur et qui ne confèrent (ou n'ont conféré) aucun avantage à la cellule 
mutée au cours du développement tumoral [9]. Notez que le fait d'écarter une variation à 
l'issue d'analyses in vitro ou in silico, faute d'effet (ou d'effet mesurable) dans un contexte 
expérimental qui ne reproduit à l'identique ni le contexte ni l'historique tumoral, n'exclut en 
aucun cas que cette variation puisse avoir eu une implication dans l'apparition ou le 
développement de la tumeur. Faute d'informations suffisantes, il est donc abusif de qualifier 
ces mutations de passengers. 
 
Il existe différents types et sous-types de leucémies de l’enfant selon le lignage cellulaire 
affecté: la LAL, la leucémie myéloïde aiguë et la leucémie myéloïde chronique représentant 
respectivement 75-80%, 20-25% et <5% des cas [10]. Ces différentes leucémies partagent 
les mêmes caractéristiques néoplasiques, tel qu'une résistance accrue à l'apoptose, une 
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augmentation des capacités de prolifération et d'auto-renouvèlement, un blocage de la 
différenciation, ainsi qu'une instabilité génomique [11] (Figure III). 
 
 
Figure III. Voies de signalisation dérégulées conduisant à la leucémie. Illustration des 
mécanismes ou voies de signalisations identifiés comme altérés au niveau des différents 
types de leucémies et permettant l'acquisition des 5 caractéristiques néoplasiques 




1.3. Cellules souches cancéreuses 
Les cellules souches cancéreuses (CSCs) sont des cellules aux capacités d'auto-
renouvèlement accrues qui possèdent la faculté de propagation clonale à long terme [12]. Si 
aucun consensus n'est établi en ce qui concerne leurs fréquences et la variabilité de leurs 
propriétés phénotypiques, la dynamique clonale associée à toute progression tumorale 
suggère la diversité plutôt qu'une entité fixe [13]. Longtemps considérée comme une 
population cellulaire distincte à l'origine du maintien, de la croissance et de l'hétérogénéité 
tumorale (modèle hiérarchique), il semble de plus en plus clair que la plasticité caractérisant 
toute population de cellules cancéreuses permettrait aussi l'interconversion entre cellules 
souches et différenciées [14]. Ainsi, en fonction des mutations acquises, des signaux 
microenvironnementaux et de la pression de sélection, certaines cellules tumorales 
pourraient se dédifférencier pour venir enrichir le pool de CSCs et accroître la variabilité 
phénotypique [15,16]. 
 
L'interaction réciproque qui existe entre la CSC et son microenvironnement, la “niche”, est 
complexe. Cette dernière stimule le caractère “souche” des CSCs comme l'auto-
renouvèlement, la dormance et la plasticité. Elle recrute également des cellules immunitaires 
qui promeuvent l'invasion des cellules cancéreuses (Figure IV)[16]. La plasticité et la 
quiescence des CSCs au sein de leurs niches entraînent une résistance à la chimiothérapie. 
D'ailleurs, la mesure de l'activité des CSCs d'un cancer, par xénotransplantation ou par 
l'analyse de la signature transcriptomique, corrèle avec l'issue clinique [17]. De plus, la 
réversibilité de l'état de dormance des CSCs entraîne la possibilité de rechutes jusqu'à 
plusieurs dizaines d'années après la rémission du patient [18]. Ce sujet est abordé de 
nouveau dans le chapitre 5 de cette thèse. 
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Figure IV. Les bases cellulaires et moléculaires de l'interaction réciproque entre les 
CSCs et leurs niches. En sécrétant des facteurs comme CXCL12, IL6 et IL8, les MSCs 
promeuvent le caractère souche des CSCs par stimulation de la voie NF-kB tandis que les 
CSCs sécrètent de l'IL6 pour attirer plus de MSCs. Les MSCs produisent également 
l'antagoniste Gremlin 1 qui stimule l'état non différencié. Les cellules tumorales avoisinantes 
produisent des IL4 pour induire la différenciation des lymphocytes TH2 qui produisent à leur 
tour du TNFa qui active la voie NF-kB et facilite la mise en place d'un pro-TME. Dans ce 
contexte, les cellules tumorales produisent les M-CSF, GM-CSF et G-CSF pour induire 
l'expansion des TAMs, MDSCs, TANs et Dcs. Les TAMs produisent du TNFa et TGF-b pour 
promouvoir l'EMT et induire la plasticité des CSCs. Le TGFb peut aussi interagir directement 
avec la voie NF-kB pour promouvoir le caractère souche des cellules cancéreuses. De plus, 
le TGF-b produit par les TAMs entraîne l'accumulation des cellules Treg. Les TAMs, Treg et 
l'environnement hypoxique inhibe l'immunosurveillance par l'inhibition des cellules T CD8+, 
des cellules NK et de la phagocytose des macrophages. Les DCs anti-tumeur nécessaires à 
la réjection de la tumeur médiée par les cellules T sont maintenues à l'écart de la niche. 
L'hypoxie augmente les ROS, ce qui promeut la survie cellulaire et induit l'EMT par le biais de 
la voie TGF-b. Les ROS et l'hypoxie induisent l'expression d'HIF-1a par les CSCs, ce qui 
promeut directement l'EMT. De plus, l'hypoxie inhibe la prolifération cellulaire en réprimant 
l'expression de cMyc et renforce le caractère souche des cellules en induisant l'activation de 
la voie WNT. Les CSCs et les CAFs produisent le facteur CXCL12 qui induit l'angiogenèse. 
L'hypoxie provoque également la production de VEGF par les CSCs et les ECs, ce qui induit 
également l'angiogenèse. Les ECs induisent l'auto-renouvellement des CSCs par contact 
direct et par la production de NO via la voie NOTCH. Les CAFs activent les voies WNT et 
NOTCH par la production de TNC et HGF ce qui entraîne la maintenance des CSCs. Les 
CAFs produisent également les MMP2, 3 et 9 qui, avec le MMP19 produit par les CSCs, 
entraînent la dégradation et le remodelage de l'ECM et favorise l'EMT. CAFs, cancer-
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associated fibroblasts; DCs, dendritic cells; ECs, epithelial cells; ECM, extracellular matrix; 
EMT, epithelial–mesenchymal transition; G-CSF, granulocyte-colony stimulating factor; GM-
CSF, granulocyte macrophage colony-stimulating factor; M-CSF, macrophage colony-
stimulating factor; MDSCs, myeloid-derived suppressor cells; MSCs, mesenchymal stem 
cells; NO, nitric oxide; TAMs, tumor-associated macrophages; TANs, tumour-associated 
neutrophils; TME, tumor microenvironment; Treg, regulatory T cells. Figure reproduite de 
Plaks et al., 2015 [16]. 
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1.4. La leucémie aiguë lymphoblastique (LAL) de l’enfant 
Mes travaux portent sur la LAL qui est la leucémie la plus fréquemment retrouvée chez les 
enfants. La LAL peut toucher les lignées lymphocytaires B (LAL-B) et T (LAL-T). La 
classification de la maladie en différents sous-types de ces deux lignées se fait au moment 
du diagnostic en se basant sur la morphologie cellulaire (taille de la cellule, chromatine 
nucléaire, forme du noyau, importance du cytoplasme) et différents marqueurs 
immunophénotypiques référencés par le système de classification French-American-British 
(FAB) [19]. La subdivision des deux formes de LAL, B et T, est représentative du niveau de 
différenciation des lymphoblastes (pro-B/T, pré-B/T)(Figure V). 
 
Figure V. Voies de développement des lymphocytes T et B et recombinaisons des 
gènes codant les récepteurs antigéniques. Le développement des cellules B et T se 
produit séparément dans la moelle osseuse et le thymus, respectivement. CLP, progéniteurs 
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Une large majorité de ces LALs concerne la lignée lymphocytaire B (85%) contre 15% 
seulement pour la lignée T [21]. Un débalancement de l'incidence est observé en fonction du 
sexe (ratio garçon:fille =1.22) [22] et du groupe ethnique (aux États-Unis 14.8, 35.6 et 40.9 de 
cas de LAL chez les enfants et jeunes adultes par million pour la population afro-américaines, 
d'origine européenne et hispanique, respectivement)[23,24]. 
 
1.4.2. Étiologie et facteurs de risque 
Bien que plusieurs hypothèses concernant le facteur déclencheur du développement de la 
LAL ont été émises, aucune n'a été définitivement retenue à ce jour (voir section 1.4.2.4: 
Environnement et hypothèse virale). Par contre, nous savons que la LAL est la résultante de 
multiples altérations somatiques acquises successivement par un progéniteur anormal en 
suivant une chronologie particulière. Ces évènements drivers sont divers (réarrangements 
chromosomiques ou aneuploïdie, SNVs, indels et CNVs), présentent des fréquences 
variables et perturbent des voies de signalisation multiples. La complexité et la diversité de 
ces évènements font de la LAL (B ou T) une maladie hétérogène [25]. 
 
1.4.2.1. Une origine prénatale 
À la fin des années 90, l'analyse rétrospective par RT-PCR de taches de sang (blood spots) 
néonatales (test de Guthrie) a permis de mettre en évidence l'existence de fusion t(12;21) 
(ETV6-RUNX1/TEL-AML-1) et t(4;11) (MLL-AF4) chez des enfants ayant respectivement 
développé une LAL-B et une leucémie infantile (diagnostic avant la fin de la 1ère année), 




Par la suite, des travaux portant sur l'étude de jumeaux monozygotes leucémiques ont 
identifié une concordance (réarrangement génomique clonotypique) concernant 10% des cas 
âgés de 1 à 15 ans et pouvant atteindre 50% en ce qui concerne les leucémies infantiles [28]. 
L'analyse de LALs concordantes t(12;21) (ETV6-RUNX1/TEL-AML-1) a démontré que les 
lymphoblastes issus des deux patients présentaient à chaque fois une fusion aux points de 
cassures génomiques identiques, ce qui suggère une migration métastasique intraplacentaire 
entraînant le partage des clones pré-leucémiques originaires d'un des deux enfants et 
confirme l'origine in utero des premiers événements somatiques contribuant au 
développement de la maladie [28,29]. 
 
1.4.2.2. Un processus multi-étapes 
Tel que discuté ci-dessus, des réarrangements chromosomiques montrent une origine in 
utero au cours de l'hématopoïèse fœtale. Toutefois, des expériences menées chez des 
souris [30-32] ont démontré que ces réarrangements ne sont pas suffisants à la 
transformation cellulaire conduisant à l’apparition d’une leucémie [29]. Le fait que la 
fréquence d'identification de la fusion t(12;21) dans le sang de cordon des nouveau-nés 
excède d'environ 100 fois la prévalence de la LAL-B pédiatrique, vient confirmer ces 
observations [33]. Bien que la capacité néoplasique soit spécifique à chaque type de 
translocation [29], l'accumulation d'évènements coopératifs secondaires semble 
indispensable, d’où la proposition d’un modèle minimal en deux étapes [34] (Figure VI):  
- la première étape, in utero et commune, impliquerait un événement mutationnel perturbant 
la maturation cellulaire et entraînant la séquestration du clone pré-leucémique dans les sites 
principaux de l’hématopoïèse fœtale (ex: placenta, foie). Cette étape, jusqu'à la 
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transformation effective de la cellule, correspond à la phase de latence et peut durer de 
quelques semaines dans le cas de leucémies infantiles à plusieurs années pour la LAL 
commune [27,29]. 
- la deuxième étape, postnatale et rare (donc limitante), met fin à la phase de latence. Elle 
conduit à la transformation complète et l'émergence de la leucémie par le biais de 
l'acquisition d'évènements génétiques secondaires (SNVs, indels et CNVs). C'est l’initiation 
de la leucémogenèse. Les lymphoblastes, bloqués à ce stade précoce de différenciation, 
envahissent alors la moelle osseuse au dépend de la production du tissu hématopoïétique 
normal, joignent alors la circulation périphérique et peuvent s'étendre aux ganglions 
lymphatiques, à la rate, au foie, ainsi qu'au système nerveux central. L'envahissement de ces 
organes et l'altération de leurs fonctions physiologiques qui en découle correspond à la 
phase de progression de la LAL. 
 
 
Figure VI. Modèle illustrant les événements séquentiels minimaux nécessaires à 
l'émergence de la leucémie de l’enfant. Le 1% indiqué représente la fréquence des 
transformations de “pré-leucémies” (porteuses de réarrangements chromosomiques) en 
leucémies cliniquement diagnostiquées. Figure reproduite de Greaves et al., 2006 [34]. 
 
Si ce modèle est maintenant communément accepté, le nombre d'événement entraînant 
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l'initiation est discuté et probablement variable d'un patient à l'autre. De plus, il est important 
ici de distinguer la LAL de l'enfant de la leucémie infantile, biologiquement (phénotype pro-B 
ou monocytaire) et cliniquement différentes. Si l'origine prénatale des deux maladies a été 
démontrée, le temps de latence très différent implique aussi un mécanisme sous-jacent de 
transformation différent. Le taux élevé de concordance des leucémies infantiles entre 
jumeaux (voir section 1.4.2.1: Une origine prénatale), couplé à un temps de latence 
extrêmement court, suggère que le processus leucémique au moment de la naissance est 
quasiment complet et que les mutations alors acquises (principalement diverses fusions 
impliquant le gène MLL) sont suffisantes à l'initiation de la maladie [28,35]. 
 
1.4.2.3. Facteurs de susceptibilité génétique 
L'importance des variations génétiques héritées sur le développement de la LAL reste 
aujourd'hui encore incertaine. Divers syndromes de prédisposition comme les syndromes de 
Bloom ou de Down, l'anémie de Fanconi ou la neurofibromatose sont des preuves directes 
démontrant que la LAL pédiatrique possède une composante génétique, mais ces cas ne 
représentent collectivement que moins de 5% des diagnostics [36].  
 
Depuis quelques années, plusieurs études ont démontré le rôle possible de polymorphismes 
rares ou communs sur une augmentation du risque de développement de la maladie [37]. 
Une analyse de gènes candidats réalisée au sein de notre laboratoire a par exemple montré 
que des polymorphismes régulant les niveaux d'expression des gènes codant pour les 
inhibiteurs du cycle cellulaire CDKN2A, CDKN2B et CDKN1B pourraient influencer le risque 
de développer une LAL-B chez l'enfant [38]. Plus récemment, plusieurs études d'association 
génétique pangénomiques (genome-wide association study, GWAS) utilisant des données 
issues de génotypage par biopuces ont permis de mettre en évidence la contribution de 
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plusieurs allèles communs de faible pénétrance à une prédisposition génétique de la LAL: 
10q21.2 (ARID5B), 7p12.2 (IKZF1), 14q11.2 (CEBPE), 10p12.31-12.2 (BMI1-PIP4K2A), 
7p12.2 (DDC), 9p21.3 (CDKN2A), 1q44 (OR2C3), 10p12.2 (PIP4K2A) et 10p14 (GATA3) [39-
43]. Plusieurs de ces gènes codent pour des facteurs de transcription impliqués dans la 
différenciation des progéniteurs de lymphocytes B et/ou sont également les cibles de 
mutations somatiques identifiées au niveau de lymphoblastes. Certains de ces allèles sont 
associés avec certains sous-types de LAL, comme par exemple le SNP rs3824662 au niveau 
de GATA3 associé aux LALs Ph-like [44]. Quelques-unes de ces associations ont pu être 
confirmées par notre groupe à partir des données de 284 patients issus de la cohorte 
Quebec Childhood ALL (QcALL) de l'hôpital Sainte-Justine [45]. 
 
Les rares cas de leucémies familiales ont permis de mettre en évidence des allèles rares de 
pénétrance plus élevée au niveau de plusieurs gènes comme TP53, RAS [46], PAX5 [47] ou 
plus récemment ETV6 [48]. Un des projets reportés au niveau de la section 3.1 de cette 
thèse, également basé sur l'étude d'un cas familial, nous a permis la mise en évidence de 
variants rares transmis au niveau de gènes de la voie de l'anémie de Fanconi. 
 
1.4.2.4. Environnement et hypothèse virale 
Depuis plusieurs décennies, pléthore de causes environnementales ont été étudiées comme 
facteur de risque, voire élément déclencheur initial expliquant la latence réduite des 
leucémies pédiatriques. Si plus d'une vingtaine de facteurs ont été identifiés par différentes 
études épidémiologiques comme contributeurs potentiels au développement de la LAL [49], 
la plupart des associations ne sont pas reproductibles [21,34].  Seule l'exposition à des doses 




Par contre, bien que datant de 1917 [52], l’hypothèse d’une réponse anormale à une infection 
virale a fait l'objet de plusieurs études [53,54] et reste aujourd'hui encore l'une des pistes les 
plus plausibles [21,34]. Le modèle proposé par Greaves [34] suggère qu'une dérégulation de 
la réponse des cellules T à l'infection pourrait conduire à une puissante réponse 
inflammatoire et au relargage de chimiokines et cytokines induisant une réduction transitoire 
de l'hématopoïèse, voire provoquer une apoptose (Figure VII). Cet état particulier 
constituerait un microenvironnement propice à la survie et à la prolifération d'un clone pré-
leucémique déjà porteur d'une mutation lui conférant un avantage sélectif. Une expansion 
clonale de ces cellules exposées au stress oxydatif associé à l'inflammation contribuerait à 
l'acquisition d'une mutation secondaire et ainsi conduirait à l'émergence des cellules 
leucémiques [34]. 
 
Figure VII. Modèle de stress prolifératif médié par l'exposition à un agent infectieux et 
entraînant la sélection des cellules pré-leucémiques. Figure reproduite de Greaves et al., 
2006 [34]. 
 
À cet égard, nous avons récemment démontré que la surexpression de CLIC5 codant pour 
un canal chlorure, résultant de la perte de fonction de son répresseur transcriptionnel ETV6, 
entraîne une résistance accrue à l'apoptose médiée par le peroxyde d'hydrogène [55] 
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(Annexe I). La translocation t(12;21) (ETV6-RUNX1/TEL-AML-1), qui présente une origine in 
utero [56], représente un candidat intéressant en tant que première mutation somatique 
conférant un avantage sélectif pouvant correspondre au modèle proposé par Greaves. 
 
L'équipe de Greaves a récemment identifié une expression simultanée des enzymes AID, 
RAG1 et RAG2 au niveau des cellules pré-BII en présence de forts stimuli inflammatoires 
[57]. Ces enzymes sont normalement restreintes aux processus de recombinaison VDJ et 
d’hypermutation somatique des gènes d'immunoglobulines. Ils ont démontré que ces 
enzymes ne permettent pas seulement la diversification du répertoire des lymphocytes B 
mais contribuent également à l'acquisition de lésions génétiques pouvant entraîner l'évolution 
clonale de cellules pré-leucémiques (porteuses par exemple de la translocation t(12;21)) en 
lymphoblastes. 
 
1.4.3. Les bases génétiques de la LAL de l’enfant 
Environ 75% des LALs de l’enfant présentent une anomalie génomique macroscopique à 
partir de laquelle un classement phénotypique est établi (Figure VIII, Tableau II) [58]. Ces 
altérations, plus ou moins fréquentes et souvent considérées comme événement primaire de 
la maladie, sont associées à divers prognostic [37].  
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Figure VIII. Anomalies cytogénétiques et moléculaires de la LAL de l’enfant. Les 
segments en bleu ou jaune concernent la leucémie de type B tandis que les segments en 
rouge concernent la leucémie de type T. Figure reproduite de Inaba et al., 2013 [21]. 
 
Elles peuvent consister en des réarrangements chromosomiques entraînant la création d'un 
produit de fusion chimérique oncogénique, comme c'est le cas de la translocation 
t(12;21)(p13;q22) (ETV6-RUNX1/TEL-AML-1) dont il a été question plus tôt dans cette 
introduction. Avec 22% des patients LAL-B porteurs, cette translocation représente une des 
altérations les plus fréquemment retrouvées au niveau de la leucémie de l’enfant [21]. 
L'expression du produit de fusion, formé à partir de deux facteurs impliqués dans la 
régulation normale de l'hématopoïèse et du développement des cellules lymphoïdes, 
perturbe la différenciation des lymphocytes B [59] et favorise l'auto-renouvellement des 
cellules pré-leucémiques [60]. Un autre exemple important de remaniement chromosomique 
conduisant à la formation d'une chimère oncogénique est la translocation t(9;22)(q34;q11.2) 
(BCR-ABL1). Aussi connue sous le nom de chromosome de Philadelphie, elle est présente 
chez environ 2% des patients LAL-B [21]. L'activité tyrosine kinase exacerbée de la chimère 
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BCR-ABL1 active de manière aberrante les voies de signalisation comme RAS/MAPK, PI-3 
kinase, c-CBL et CRKL, JAK-STAT et SRC. Ceci entraîne la transformation néoplasique en 
modifiant des processus cellulaires de base comme le contrôle de la prolifération et de la 
différenciation, de l'adhésion et de la survie [61]. 
 
Tableau II. Principaux sous-types de la LAL de l'enfant. Tableau reproduit de Hunger and 
Mullighan, 2015 [24]. 
 
Sous-types Prévalence (%) Commentaires
Hyperdiploïdie avec> 50 
chromosomes 20-30 Excellent pronostic
Hypodiploïdie avec <44 
chromosomes 2-3 Mauvais pronostic; Mutations fréquentes dans la voie Ras et les gènes de la famille Ikaros
Translocation t(12;21)(p13;q22)  
encodant la fusion ETV6-RUNX1 15-25 Excellent pronostic
Translocation t(1;19)(q23;p13)  
encodant la fusion TCF3-PBX1 2-6
Augmentation de l'incidence chez les Afro-Américains; Généralement excellent pronostic; Association avec une 
rechute du SNC
Translocation t(9;22)(q34;q11.2)  
encodant la fusion BCR-ABL1 2-4
Résultats historiquement médiocres; Amélioré avec l'ajout d'imatinib et/ou de dasatinib à une chimiothérapie 
intensive
LAL Ph-like 10-15 Lésions multiples activant les kinases; Associée à un âge plus avancé, un taux élevé de globules blancs et une altération d'IKZF1 ; Susceptibles d'être traitées par TKI
Translocation t(4;11)(q21;q23) 




2 Pronostic favorable avec une chimiothérapie à court terme à fortes doses
Réarrangement CRLF2  (IGH-
CRLF2; P2RY8-CRLF2) 5-7
Fréquent chez les patients atteints du syndrome de Down et les LAL Ph-like  (environ 50%); Associée à une 
deletion et/ou des mutations d'IKZF1 et des mutations de JAK1/2 et à un pronostic défavorable dans le cas 
d'une LAL associée au syndrome de Down
LAL avec dérégulation d'ERG ∼7 Profil d'expression distinct; La majorité présente des délétions focales d'ERG et un résultat favorable en dépit des altérations IKZF1
Réarrangement PAX5 ∼2 Partenaires multiples, habituellement au niveau de dic(7;9), dic(9;12) et dic(9;20)
iAMP21 ∼2 Altérations structurales complexes du chromosome 21; Rarement associé à une translocation Robertsonienne constitutionnelle (15;21)(q10;q10)c; Mauvais pronostic
Translocations t(1;7)(p32;q35) et 
t(1;14)(p32;q11) et délétion 1p32; 
Dérégulation de TAL1
15-18 Résultats généralement favorables
Translocation t(11;14)(p15;q11) et 
délétion 5′LMO2 ; Dérégulation de 
LMO2
10 Résultats généralement favorables
Translocations t(10;14)(q24;q11) and 








10 Peut être associé à un mauvais pronostic
MLL-MLLT1/MLL-ENL 2-3 Pronostic supérieur à d'autres types de leucémie avec réarrangement de MLL
Amplification de 9q34 
encodant NUP214-ABL1 6
Potentiellement tolérable aux TKIs, également identifiés dans le B-ALL à haut risque; Les autres fusions de 
kinase identifiées dans T-ALL comprennent EML1-ABL1, ETV6-JAK2 et ETV6-ABL1
Translocation t(7;9)(q34;q34) <1 Réarrangement de NOTCH1 ; Également des mutations dans> 50% de T-ALL
Early T-cell precursor ALL 10-15
Immunophénotype immature; Expression de marqueurs myéloïdes et/ou de cellules souches; Résultats 
historiquement médiocres, quoique améliorés dans des études récentes; Génétiquement hétérogènes avec des 





Il existe également des réarrangements chromosomiques entraînant l'expression ectopique 
de proto-oncogènes à proximité du point de cassure. Par exemple, la surexpression des 
proto-oncogènes TAL1, TLX1, TLX3, et LYL1 par leur juxtaposition aux loci des récepteurs 
antigéniques des lymphocytes T est commune au niveau de la LAL-T [21]. On retrouve aussi 
des anomalies du nombre de chromosomes (aneuploidie), soit avec une hypodiploïdie (<44 
chromosomes) chez environ 2 à 3% des patients [24], ou avec une haute hyperdiploïdie (>50 
chromosomes) avec 25 à 30% des patients présentant un gain non aléatoire de 
chromosomes [24] incluant généralement les chromosomes  4, 6, 10, 14, 17, 18, 21 et X [21]. 
 
Toutefois, la plupart de ces altérations précoces ne sont pas suffisantes pour le 
développement de leucémies lorsqu'elles sont testées au sein de modèles expérimentaux 
[58]. De plus, environ 25% des LALs de l’enfant ne présentent aucune anomalie génomique 
de ce type, ce qui implique la présence d'altérations génétiques submicroscopiques 
contribuant à la leucémogenèse. Moins d'une vingtaine de ces mutations sont généralement 
présentes chez un patient [62-64,37,46]. Certains sous-types, comme le LAL infantile avec 
réarrangement MLL, présentent un taux mutationnel parmi les plus faibles des cancers 
humains [37,65]. De manière générale, les mutations identifiées altèrent des processus 
cellulaires clés, présentent une fréquence dépendante du sous-type de LAL considéré et 
influencent le pronostic du patient (Tableau III, Figure IX) [37]. Les régulateurs 
transcriptionnels modulant le développement des cellules lymphocytaires (PAX5, IKZF1 et 
EBF1) sont fréquemment ciblés par des mutations entraînant une perte de fonction ou 
l'expression d'un allèle dominant négatif au niveau de la LAL-B [66,67]. De nombreuses 
mutations sont également identifiées au niveau des voies régulatrices du cycle cellulaire 
(TP53, RB1 et CDKN2A), de récepteurs de cytokines, de tyrosines kinases, de la voie de 
signalisation RAS/MAPK (ABL1, ABL2, CRLF2, CSF1R, EPOR, FLT3, IL2RB, IL7R, JAK1, 
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JAK2, JAK3, NTRK3, et PDGFRB) et de régulateurs épigénétiques (EZH2, CREBBP, 




Figure IX. Représentation schématique des mutations génétiques récurrentes de la 
LAL-B et des processus cellulaires altérés. Figure reproduite de Hunger and Mullighan, 
2016 [37]. 
 
Au niveau de la LAL-T, l'activation aberrante de la voie NOTCH1 (NOTCH1-FBXW7) ainsi 
que la perte de fonction du tumeur suppresseur CDKN2A représentent les deux altérations 
les plus fréquentes (> 60% des patients) [71-73]. Les gènes codants pour des transducteurs 
de signaux (PTEN, JAK1, JAK3, NF1, NRAS, IL7R et FLT3), des facteurs de transcription 
(WT1, LEF1, ETV6, GATA3 et BCL11B) et des régulateurs épigénétiques (EZH2, SUZ12, 
EED et KDM6A/UTX) sont également des cibles récurrentes [73]. La caractérisation du 




Tableau III. Altérations génétiques principalement retrouvées dans la LAL de l'enfant. 
Tableau reproduit de Hunger and Mullighan, 2016 [37]. 
Gène Altération Fréquence Voie de signalisation et conséquences de l'altération Pertinence clinique
PAX5 Délétions, translocations et mutations 30% des LAL-B
Facteur de transcription requis pour le 
développement lymphoïde B; Mutations 
compromettent la liaison de l'ADN et l'activation 
transcriptionnelle
Important dans la 
leucémogenèse, mais pas 
associé à un résultat 
défavorable
IKZF1 Délétions, translocations et mutations
15% de tous les cas de LAL-B 
pédiatrique, incluant 70% -80% 
de LAL positive pour BCR-
ABL1 et un tiers de LAL-B BCR-
ABL1 à haut risque
Facteur de transcription requis pour le 
développement de HSC en précurseur 
lymphoïde; Des deletions et des mutations 
entraînent une perte de fonction ou des 
isoformes à l'effet dominant négatif
Associé à un mauvais 
pronostic
JAK1/2 Mutations des domaines pseudokinase et kinase
18%-35% des LAL avec  
syndrome de Down et 10.7% 
des LAL négative pour BCR-
ABL1
Activation constitutive de JAK-STAT Potentiellement ciblable par les TKIs qui inhibent JAK1/2
CRLF2
Réarrangement IGH-
CRLF2 ou P2RY8-CRLF2 
conduisant à une 
surexpression
5%-16% des LAL-B 
pédiatriques et adultes et 
>50% des LAL avec  syndrome 
de Down; 50% des LAL Ph-like
Associé à des mutation de JAK  dans jusqu'à 
50% des cas; Les mutations de CRLF2  et JAK 
résultent en une activation constitutive de STAT 
; Au niveau des LAL-B à haut risque, associé 
aux altérations d'IKZF1 , aux mutations JAK  et à 
un mauvais pronostic
Détection par cytométrie en 
flux ou analyse moléculaire; 
Potentiellement ciblable par 






Réarrangements de 13 
récepteurs de cytokine et 
des tyrosine kinases; 
Mutations d'IL7R  et FLT ; 
Délétions de SH2B3
10% des LAL-B pédiatriques,  
jusqu'à 30% des LAL adultes; 
Associé avec un profile 
d'expression Ph-like
Activation des voies de signalisation des 
kinases; Peut être soumis à une thérapie TKI
Haut risque et risque accru de 
rechute; Rapports 
anecdotiques de réponse à la 
thérapie TKI
NOTCH1 Mutations, parfois délétions >60% LAL-T
Activation de la voie NOTCH1 ; Les mutations 
dans FBXW7  et PTEN  influencent également la 
signalisation NOTCH1  et le pronostic
Lésion pathogène clé dans T-
ALL; Ciblage direct limité par 
la toxicité; Associations 
variables avec le résultat
CREBBP Délétions et mutations
19% des rechutes; Également 
muté dans les lymphomes non 
hodgkinien
Entraînent une dérégulation de l'acétylation des 
histones et une dérégulation transcriptionnelle
Mutations sélectionnées à la 
rechute et associées à la 
résistance aux 
glucocorticoïdes
NT5C2 Mutations Jusqu'à 20% des rechutes Gain de fonction
Mutations sélectionnées à la 
rechute et associées à la 
résistance aux thiopurines
TP53 Délétions et mutations
∼90% des LAL à faible 
hypodiploïdie; Rare dans les 
autres cas
Fréquemment germinale; Confèrent une 
résistance au traitement
Mutations associées aux 
rechutes
 
Outre les mutations communes constituant le paysage génomique classique de chaque type 
de leucémie, nous croyons que des mutations plus rares, spécifiques au contexte génétique 
de la tumeur de chaque patient, participent à la déstabilisation de certains processus 
cellulaires et contribuent à l'initiation ou à la progression de la maladie. Ces altérations, plus 
difficiles à caractériser, font l'objet d'une partie du chapitre 3 de cette thèse.   
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1.4.4. Traitement et pronostic 
Le protocole de traitement du Dana-Farber Cancer Institute (DFCI) [74], utilisé au CHU 
Sainte-Justine, dure 24 mois et se divise en 3 phases (le groupe de risque du patient 
influence principalement le dosage de la chimiothérapie): 
- L'induction, qui dure de 4 semaines. L'enfant reçoit une chimiothérapie composée de 
glucocorticoïdes (prednisone ou dexaméthasone), d'antinéoplasiques (vincristine), et 
d'asparaginase. L'induction est éventuellement complémentée d'anthracycline comme la 
doxorubicine. À la fin de cette phase d'induction, le patient est généralement considéré en 
rémission. 
- L'intensification, qui consiste en 6 à 8 mois de chimiothérapie intensive pour maintenir la 
rémission et empêcher l'invasion du système nerveux central. Le patient reçoit notamment de 
fortes doses de méthotrexate par intraveineuse et des doses intramusculaires 
d'asparaginase. 
- La maintenance, jusqu'à 24 mois durant lesquels le patient reçoit des doses journalières de 
méthotrexate. Le protocole est équivalent à celui de la période d'intensification (excepté pour 
l'asparaginase en ce qui concerne les patients classés en risque standard). 
Ce traitement, ainsi que les thérapies équivalentes (ALL au Royaume Uni, DCOG aux Pays-
Bas et FRALLE en France), ont permis une amélioration significative des résultats avec une 
survie sans événement à 5 ans d'environ 85% et un taux de survie globale pouvant atteindre 
90% [75]. 
La caractérisation génétique des patients a mis en évidence l'existence de lésions influençant 
le pronostic (voir 1.4.3: Les bases génétiques de la LAL de l’enfant). Par contre, seulement 
une fraction de cette information génétique est présentement considérée dans le calcul de 
stratification du risque. Les méthodes actuelles tiennent compte de l'âge, du compte de 
cellules blanches au diagnostic, de l'invasion éventuelle du système nerveux central, de la 
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mesure de maladie résiduelle minimale et se limitent à quelques informations génétiques 
macroscopiques seulement comme l'aneuploïdie et certains réarrangements 
chromosomiques [58] (Tableau IV). Cette stratification de patients a permis d'améliorer le 
taux de survie et de réduire les conséquences du traitement à long terme en optimisant 
l'utilisation de la chimiothérapie et en limitant l'utilisation de l'irradiation crânienne 
prophylactique. Par contre, la prise en compte des données génomiques permettra un 
raffinement de la stratification, l'administration d'une thérapie optimale [37] et une diminution 
des chances de rechutes qui concernent environ 15% des patients [76] et dont l'issue est 
généralement dramatique. 
 
Tableau IV. Exemple de stratification du risque d'après le consortium DFCI (1985-2000). 
Tableau reproduit de Silverman et al., 2010 [74]. 
Risque standard Risque élevé Risque très élevé
1985-95: 2 to <9 1985-95: ≥9
1995-2000: 1 to <10 1995-2000: ≥10
1985-95: <20 1985-91: 20 to <100
1995-2000: <50 1991-5: ≥20
1995-2000: ≥50
Phénotype LAL-B LAL-T
Atteinte du système 
nerveux central Non Oui
Masse médiastinale Non Oui
t(9;22) Non Oui
Âge (années) 1985-2000: <1





1.4.5. Théorie de l'évolution et leucémie 
L'ensemble des cancers, incluant la LAL, évoluent selon le processus de diversification 
génétique couplé à une sélection naturelle, c'est-à-dire selon un principe d'évolution tel 
qu’énoncé par Charles Darwin il y a maintenant plus de 150 ans. Grâce à des études 
longitudinales [76-79], les équipes de recherches ont contribué à déchiffrer les mécanismes 
régissant l'évolution intra-tumorale et inférer les relations ancestrales inter-clonales. 
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L'ensemble de ces données s'accordent aujourd'hui sur le fait que la trajectoire évolutive des 
tumeurs est complexe et ramifiée, comme l'avait déjà prédit Nowell en 1976 [80], plutôt que 
linéaire comme certains modèles le proposaient initialement (Figure X) [13]. Comprendre ces 
processus est essentiel étant donné qu'ils régissent également la sélection des clones 
leucémiques à l'origine des rechutes [81]. 
 
 
Figure X. Évolution clonale d'une tumeur. (a) Architecture clonale en “arbre”. La pression 
de sélection entraîne l'expansion ou l'extinction de certains sous-clones. (b) Arbre 
phylogénétique de Darwin (tiré de son cahier de notes en 1837). Eco 1 à 4 (boîtes rouges) 
correspondent à différents écosystèmes ou habitats. Tx, thérapie; CIS, carcinoma in situ. 
Figure reproduite de Greaves and Maley, 2012 [13]. 
 
1.4.5.1. Écosystème, compétition et architecture clonale 
De la même façon que la capacité d'interaction et d'adaptation avec l'environnement permet 
l'émergence d'une espèce, les cellules leucémiques ne sont pas autonomes et dépendent de 
leur faculté à exploiter de façon dynamique leur microenvironnement tissulaire et plus 
spécifiquement certaines niches [81-84]. Outre la compétition pour les ressources et l'espace 
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du microenvironnement entre cellules normales et tumorales, il existe une compétition inter-
clonale qui conduit à la sélection des clones les mieux adaptés [85]. La diversification 
génétique des cellules tumorales, qui permet à certains sous-clones l'acquisition de 
mutations drivers conférant un avantage sélectif au regard des ressources disponibles dans 
le milieu, entraîne l'existence de valeurs adaptatives (ou fitness) spécifique à chaque sous-
clone par rapport à chaque microenvironnement. Cette relation avec le milieu n'est pas 
unidirectionnelle et souvent l'interaction réciproque cancer/microenvironnement entraîne un 
remodelage du tissu (ex: angiogenèse des tumeurs solides) et une spécialisation des niches 
procurant un avantage sélectif à certains clones [86]. L'avantage procuré par une mutation 
étant contexte-dépendant, une mutation préalablement passenger, c'est-à-dire n'offrant 
aucun avantage sélectif, peut devenir driver dans un milieu différent ou modifié. La 
dynamique du milieu joue d'ailleurs un rôle essentiel dans le processus d'évolution tumorale. 
Des modèles mathématiques ont démontré que la sélection de phénotypes plus agressifs ou 
plus robustes serait moins probable au sein de microenvironnements homogènes et stables 
[13,87]. Outre la modification du milieu, l'adaptation passe également par la migration des 
cellules tumorales et l'occupation de nouvelles niches (comme le système nerveux central). 
D'ailleurs, si les différents sous-clones se partagent initialement l'espace du 
microenvironnement primaire, différents clones peuvent par la suite occuper différents 
territoires [13]. Ce phénomène d'évolution clonale en parallèle au niveau de plusieurs sites 
est illustré par les leucémies concordantes chez les jumeaux (comme discuté avant), par 
l'analyse des lésions métastasiques [88,89] ou encore l'apparition de cancers testiculaires 
bilatéraux [13,90] (Figure XI). Outre le défi clinique que représente la séparation territoriale 
de clones génétiquement différents au moment du diagnostic, certains sites ectopiques 
peuvent également servir de sanctuaires (niches) pour certaines cellules tumorales [91]. 
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Figure XI. Évolution clonale divergente d'un cancer avec séparation topographique. 
Dans chaque exemple, un ancêtre clonal (une seule cellule) est à l'origine du partage de 
mutations (ex: ETV6-RUNX1 au niveau des leucémies ou c-kit au niveau des cancers 
testiculaires). L'évolution des 2 sous-clones (T1 et T2) peut être simultanée ou séparée de 
plusieurs années [28,90,92,93]. Les probabilités d'émergence des 2 sous-clones sont 
indépendantes et différentes. Dans la plupart des cas, un seul des jumeaux développe une 
leucémie (90%). La pénétrance des cancers testiculaires bilatéraux ayant la même origine 
est inconnue [90]. Figure reproduite de Greaves and Maley, 2012 [13]. 
 
 
1.4.5.2. Évolution clonale et rechute 
Malgré le succès thérapeutique, près de 15% des patients LAL présentent des rechutes dont 
l'issue est généralement fatale [76].  Ainsi la LAL de l’enfant demeure le deuxième cancer 
pédiatrique en terme de taux de mortalité derrière les cancers du cerveau [2]. Il est donc 
essentiel de comprendre les mécanismes régissant ces rechutes. Depuis quelques années, 
l'avènement du séquençage de nouvelle génération a rendu possible l'analyse des paysages 
génomiques des rechutes. Outre l'identification des mutations qui y sont spécifiquement 
associées, le séquençage du matériel normal, de la tumeur primaire et de la rechute d'un 
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patient, a permis d'étudier la contribution de l'évolution clonale à ces rechutes [76-79,94-97]. 
Dans ces études, l'identité clonale est inférée de la fréquence allélique des mutations 
(nombre de reads de séquençage supportant les mutations sur la couverture totale des 
positions considérées) en extrapolant le fait que la fréquence identifiée est représentative de 
la proportion de clones mutés dans la population totale de cellules. Cette méthode permet de 
décortiquer l'architecture clonale pré- et post-traitement, d'identifier les lésions génétiques 
présentes (de façon sous-clonale) ou non au diagnostic et qui émergent à la rechute et de 
déterminer la chronologie d'accumulation de ces mutations. L'étude du turnover mutationnel 
permet de caractériser la nature des clones résistants qui survivent à la thérapie. Cette 
méthode a été appliquée afin d'étudier les rechutes de 19 patients LAL-B issus de la cohorte 
QcALL du CHU Sainte-Justine (chapitre 5). De manière générale, ces études ont permis de 
mettre en évidence de nouveaux gènes associés à la résistance au traitement comme 
CREBBP, codant pour une histone acetyltransferase et induisant une résistance aux 
glucocorticoïdes une fois muté [94,95], ou encore NT5C2 codant pour une hydrolase et 
conférant une résistance au 6-mercaptopurine et 6-thioguanine [96,97].  
 
Deux profils majeurs d'évolution clonale ont pu être identifiés (Figure XII)[76,77]:  
- un clone dominant au diagnostic reste dominant à la rechute en accumulant des mutations 
supplémentaires (modèle 1, Figure XII). Les patients présentant ce modèle évolutif ont soit 
été traités de manière inadéquate, soit présentaient déjà au diagnostic des mutations de 
résistance au traitement, somatiques ou germinales, au niveau du clone fondateur. 
- un clone mineur au diagnostic émerge à la rechute après acquisition de mutations de 
résistance ou après l'augmentation de sa valeur adaptative due à une mutation préexistante 
conférant un avantage face à la pression de sélection (chimiothérapie) venant remodeler le 
microenvironnement tumoral (modèle 2, Figure XII). Comme le soulignait Ding en 2012 [77], 
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le génome des rechutes des patients leucémiques sont des cibles “en mouvement” qu'il est 
indispensable de caractériser en profondeur pour adapter les traitements afin de diminuer les 




Figure XII. Représentation graphique de l'évolution clonale de la tumeur primaire à la 
rechute. Les exemples présentés ici sont issus de l'analyse de rechutes de patients atteints 
de leucémie myéloïde aiguë. Les mêmes patterns ont été identifiés au niveau de rechutes 
LAL. Le modèle 1 montre le clone fondateur au diagnostic resté dominant à la rechute après 
l'acquisition de mutations rechute-spécifiques. Le modèle 2 montre un clone mineur au 
diagnostic émerger lors de la rechute. Figure reproduite de Ding et al., 2012 [77]. 
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1.5. L'étude des cancers à l'heure de la génomique 
Depuis plusieurs années maintenant, le séquençage de nouvelle génération (SNG, aussi 
appelé séquençage parallèle de masse) a révolutionné l'étude de la génomique des cancers. 
Cette technologie permet d'accéder à l'information génétique du patient grâce au 
séquençage de génome (le plus souvent par le biais d'enrichissement des régions), du 
transcriptome grâce au séquençage de l'ARN, ainsi qu'aux informations épigénétiques par 
séquençage bisulfite et ChIP-sequencing informant respectivement sur la méthylation de 
l'ADN et les modifications subies par les histones.  
 
De nombreuses études ont ainsi contribué à la construction d'un répertoire d'altérations 
concernant des centaines de gènes impliqués dans la susceptibilité aux cancers, l'initiation et 
la progression de la maladie [98]. Notamment, de nouveaux drivers ont été identifiés au 
niveau de carcinomes de la peau [99,100], cancers de la vessie [101], cancers de la prostate 
[102,103], cancers colorectaux [104], cancers du sein [23,105-108], medulloblastomes [109] 
et leucémies/lymphomes [46,63,110-112]. Nous avons également contribué à cet essor en 
identifiant de nouveaux drivers des LAL-B (chapitre 3: A novel somatic mutation in ACD 
induces telomere lengthening and apoptosis resistance in leukemia cells) et LAL-T 
pédiatriques (chapitre 4: Genomic characterization of pediatric T-cell acute lymphoblastic 
leukemia reveals novel recurrent driver mutations). De plus, par l'intégration de données 
d'expression et de méthylation, nous avons pu identifier les voies de signalisation dérégulées 
au niveau de la LAL-B [113,114]. 
 
Aujourd'hui, le SNG offre une perspective clinique, non seulement en permettant une 
meilleure caractérisation moléculaire et stratification du risque des patients, mais aussi offrant 
la possibilité d’identifier un traitement personnalisé basé sur le paysage génomique 
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spécifique aux patients. Si le SNG est à l'origine d'avancées extraordinaires dans la 
compréhension de la biologie des cancers, il représente également un défi d'analyse majeur. 
Outre la gestion d'une quantité de données sans précédent [115], les chercheurs ont été 
rapidement confrontés à deux difficultés lors de l’interrogation des données SNG afin 
d’identifier de nouvelles mutations drivers:  
- Comment distinguer des mutations (SNVs et indels) somatiques de polymorphismes 
germinaux ou de faux positifs générés par des erreurs de séquençage ou d'alignement sur le 
génome de référence? 
- Comment dissocier les quelques mutations drivers des nombreuses mutations passengers? 
De nombreux algorithmes ont été développés pour répondre à ces problèmes. La détection 
de SNVs et indels somatiques se fait généralement par l'intégration des données de 
séquençage des matériels normaux (souvent obtenus après rémission) et tumoraux des 
patients selon plusieurs approches. Par exemple, Strelka [116], un outil développé par une 
équipe d'Illumina, utilise une approche Bayésienne qui considère les fréquences alléliques 
“normales” et tumorales comme des variables continues, avec l'échantillon normal considéré 
comme un mélange de variations diploïdes germinales et de “bruit de fond” et le tumoral 
comme un mélange d'échantillon normal et de variations somatiques. Un réalignement autour 
des indels putatifs est effectué systématiquement par Strelka. Varscan2 [117], qui est 
couramment utilisé, lit simultanément les échantillons normaux et tumoraux et effectue une 
comparaison pairée des variations et de la couverture normalisée pour chaque position. Un 
algorithme heuristique détermine les génotypes normaux et tumoraux indépendamment en 
se basant sur des filtres de qualité prenant en compte la profondeur du séquençage, la 
qualité de la base considérée, la fréquence allélique et la significativité statistique des tests 
effectués. On peut également citer MuTect [118], développé par le Broad Institute, qui utilise 
un premier classifieur Bayésien pour identifier les variants au sein de l'échantillon tumoral et 
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un deuxième classifieur pour déterminer la valeur somatique des mutations identifiées. Une 
étape additionnelle permet de filtrer les faux positifs restants en utilisant un panel 
d'échantillons normaux. Chacun de ces outils fournit des résultats satisfaisants dans des 
conditions standards avec une profondeur de séquençage élevée (>100X) et une faible 
contamination de l'échantillon tumoral par des cellules normales. Toutefois, comme le 
souligne la faible concordance des résultats obtenus sur un même jeu de données par 
l'utilisation de plusieurs algorithmes incluant les 3 cités [119,120] (Figure XIII), l'hétérogénéité 
des échantillons tumoraux couplée aux erreurs aléatoires ou systématiques du séquençage 
entraînent des difficultés d'analyse lorsque la qualité ou le design des données ne sont pas 
optimaux. Notamment, l'identification des mutations présentant de faibles fréquences 
alléliques est particulièrement complexe lorsque la profondeur de séquençage est réduite 
[119]. Cette identification est pourtant essentielle dans le cadre de diagnostics précoces, de 
détection de la maladie résiduelle et pour la caractérisation du processus de rechute (voir 
section 1.4.5.2: Évolution clonale et rechute). Par exemple, pour un échantillon avec une 
profondeur de séquençage de ~60X, Varscan2 présente une sensibilité inférieure à 0.5, 0.08 
et 0.02 pour des fréquences alléliques de 18, 8 et 4%, respectivement [119]. Bien que le coût 
du séquençage soit en constante réduction, l'effort de caractérisation de cohortes de plus en 
plus grandes impose une limitation globale de la profondeur de séquençage dépassant 
rarement les 50X. Pour tenter de résoudre ce problème, nous avons développé un outil, 
SNooPer, s'adaptant aux conditions de séquençage sous-optimales et qui est présenté au 
niveau du chapitre 2 de cette thèse. Nous avons également développé un modèle 
probabiliste (QUADGT) permettant d'inférer les génotypes au sein du matériel tumoral en 
intégrant les génotypes du matériel normal du patient mais aussi celui des deux parents 
lorsqu'ils sont disponibles [121].  
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Figure XIII. Profils d'identification des SNVs et indels par différents outils. 
Regroupements hiérarchiques des mutations somatiques identifiées au niveau d'un 
séquençage d'exome présentant une couverture de 80X. Chaque ligne représente une 
mutation. Figure reproduite de Krøigård et al., 2016 [120]. 
 
 
Une fois identifiées, les centaines (voire milliers) de mutations somatiques doivent être filtrées 
pour ne conserver que celles pouvant correspondre à des évènements drivers, c'est-à-dire 
celles présentant un impact fonctionnel putatif conférant un avantage sélectif aux cellules 
mutées. Pour cette étape également, une multitude d'algorithmes ont été développés (Figure 
XIV). Ils sont basés sur 2 principes majeurs: 
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- l'analyse de récurrences 
- la prédiction de l'impact fonctionnel 
Ces méthodes et leurs variantes sont autant d'alternatives disponibles mais qui ne 
présenteront pas la même efficacité en fonction du type de mutation recherché (fréquente ou 
rare) et du type tumoral (taux mutationnel élevé ou faible). 
 
L'analyse de récurrences se base sur le principe même de la théorie de l'évolution. Étant 
donné que le processus mutationnel converge vers un phénotype oncogénique commun,  les 
mutations drivers contribuant à la transformation et/ou la progression tumorale devraient 
apparaître plus souvent dans une cohorte de patients qu'attendu par chance étant donné le 
contexte mutationnel [122]. La méthode se base donc uniquement sur l'identification de 
régions nommées “hills” (pour collines) présentant un taux de mutation au sein de la cohorte 
étudiée significativement différent des “plaines” présentant un taux mutationnel de base (ou 
BMR pour background mutation rate). Plus spécifiquement, en se basant sur le BMR et le 
nombre n de nucléotides séquencés dans un gène g, la probabilité Pg qu'une mutation 
passenger soit observée dans g est Pg =1-(1-BMR). Étant donné que chaque mutation 
apparaît de manière indépendante dans chaque patient, le nombre d'occurrences dans g suit 
la loi de Bernoulli où pg est la probabilité de mutation. En mesurant s échantillons, le nombre 
de patients avec g muté est décrit par la variable aléatoire binomiale B(s,Pg). Ainsi, il est 
possible de calculer la probabilité que le nombre de patients observés (ou plus) présentent 
une mutation passenger [122]. Plusieurs outils populaires comme MutSigCV [123] et MuSiC 
[124] exploitent ce principe. La différence majeure entre les divers algorithmes se situe 
principalement au niveau de l’estimation du BMR, étape cruciale et particulièrement 
complexe étant donné l’hétérogénéité des taux mutationnels intra- et inter-tumoraux 
[123,125]. Par exemple, les gènes présentant l’expression la plus faible ou étant répliqués 
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tardivement au cours du cycle cellulaire montrent un taux mutationnel plus élevé [123]. De 
manière générale, l'estimation complexe du BMR entraine la limitation majeure de ces 
méthodes: leur sensibilité. Si certains gènes drivers sont effectivement mutés fréquemment, 
la plupart des drivers nouvellement découverts sont mutés dans une petite fraction des 
tumeurs seulement [126]. Bien qu'il ait été démontré que des mutations somatiques rares 
(<1% des tumeurs) peuvent également agir en tant que drivers [127](voir aussi chapitre 3), 
ces outils sont pour la plupart incapables de les détecter.  
 
Des méthodes indépendantes de la fréquence mutationnelle ont donc été développées. 
L'avantage principal de ces approches réside dans le fait qu'elles sont applicables à un seul 
individu et permettent donc l'identification de mutations plus rares. Beaucoup de ces outils 
plus ou moins complexes tentent de distinguer les mutations passengers des drivers en 
prédisant l'impact fonctionnel des mutations non silencieuses en utilisant diverses 
informations biologiques. Les plus rudimentaires tentent de prédire un impact éventuel en 
prenant en compte principalement le degré de conservation de l'acide aminé modifié, comme 
SIFT [128] et PROVEAN (Protein Variation Effect Analyzer) [129], ou/et l'impact de la 
modification sur la structure protéique, comme PolyPhen-2 [130] et Mutation Assessor [131]. 
Certains de ces outils sont en fait des classificateurs basés sur des algorithmes 
d'apprentissage entrainés à distinguer les mutations causant un impact fonctionnel des 
autres mutations. Par exemple, PolyPhen-2 utilise une classification naïve bayésienne 
entrainée en utilisant 2 jeux de données différents: les données HumDiv, contenant tous les 
allèles avec un effet connu sur une fonction moléculaire à l'origine de maladies 
mendéliennes, présents dans la base de données UniProtKB, et incluent les différences entre 
les protéines humaines et des mammifères proches considérées comme non délétères; les 
données HumVar, composées de l'ensemble des mutations référencées dans UniProtKB 
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comme étant à l'origine de maladies humaines, avec les polymorphismes communs 
(fréquence allélique >1%) non-associés à une maladie et donc considérés comme non 
délétères. Pour chaque mutation ensuite testée, PolyPhen-2 calcule la probabilité postérieure 
bayésienne que cette mutation ait un impact fonctionnel et reporte une estimation de la 
sensibilité et de la spécificité de la prédiction [130]. Bien qu'ayant été utilisés par la 
communauté pour l'étude de données tumorales, les outils comme PolyPhen-2 exploitent des 
données d'entrainement non adaptées et génèrent donc de nombreux faux-positifs dans le 
cadre de l'analyse de mutations somatiques. Plus récemment, des méthodes spécialisées 
dans l'étude de ces mutations ont vu le jour. CHASM [126] par exemple utilise un 
classificateur Random Forest qui apprend au préalable à distinguer les mutations faux-sens 
drivers des passengers en se basant sur un ensemble d'entraînement constitué de vrais 
drivers issus de la base de données COSMIC [132] après curation et des passengers 
générés in silico en se basant sur l'estimation du BMR spécifique au type tumoral considéré. 
À chaque mutation est associée une série de caractéristiques incluant le degré de 
conservation, le changement de structure, l'annotation UniProtKB, etc. Lors de l'analyse, un 
score est attribué à chaque mutation testée en considérant la fraction d'arbre du Random 
Forest qui a voté pour une classification en tant que passenger. 
 
Enfin, un nouveau principe est de plus en plus exploité pour l'identification de drivers, 
notamment au niveau de gènes rarement mutés. Étant donné que les protéines agissent 
rarement de manière isolée mais plutôt à l'intérieur de voies de signalisation ou métabolique, 
en identifiant les voies et les réseaux d'interactions susceptibles d'être altérés, il est possible 
de mettre en évidence des cibles plus rares leur appartenant [122]. L'algorithme HotNet [133] 
par exemple intègre les données de fréquence de mutation avec la topologie locale du 
réseau d'interaction. Il semble capable d'identifier des sous-réseaux contenant des gènes 
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mutés chez un nombre limité de patients et non identifiables par les méthodes se basant sur 
la fréquence uniquement [133]. L'algorithme MEMo [134], quant à lui, utilise une approche 
différente où des sous-réseaux sont définis en suivant 3 critères: i) une récurrence de 
mutations dans les gènes du groupe, ii) des gènes codant pour des protéines participant à la 
même fonction biologique et iii) des mutations mutuellement exclusives à l'intérieur du même 
sous-réseau. De manière générale, cette nouvelle approche est prometteuse et a déjà permis 
de mettre en évidence de nouveaux réseaux impliqués dans le développement de cancers 
[133], toutefois elles sont encore limitées par la qualité de définition des réseaux d'interaction. 
Ces réseaux sont d'ailleurs souvent biaisés autour des oncogènes et des suppresseurs de 
tumeurs connus puisque leurs interactions ont fait l'objet d'études détaillées. En comparaison, 





Figure XIV. Vue d'ensemble d'une série d'outils d'identification de mutations faux-sens 
drivers. Les types de données sur lesquels se basent les outils pour leurs prédictions sont 
indiqués par des petits cercles de couleurs. Les flèches indiquent l'interdépendance des 
outils. Figure reproduite de Gnad et al., 2013 [135]. 
 
Bien que ces méthodes se distinguent par leur principe, la plupart se limitent à l'analyse des 
variations codantes et délaissent l'analyse de nombreuses mutations localisées dans les 
milliards de nucléotides restants générés par un séquençage de génome complet. Depuis 
2014, seulement quelques algorithmes permettant de prioriser les mutations non-codantes 
ont été développés [136-141]. 
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1.6. Objectifs 
La LAL est le cancer pédiatrique le plus courant et une des causes principales de mortalité 
par maladie chez les enfants de moins de 14 ans. Bien que les avancées thérapeutiques 
adaptées au pronostic établi par des facteurs cliniques et cytogénétiques ont permis une 
augmentation du taux de survie, 15 (LAL-B) à 25% (LAL-T) des patients ne répondent pas 
aux traitements standards et présentent ensuite un taux de mortalité supérieur à 50%. De 
plus, environ deux tiers de l'ensemble des survivants subissent à long terme les effets 
secondaires du traitement. Afin d'optimiser le traitement et l'issue de celui-ci, une meilleure 
classification de chaque tumeur ainsi qu'une thérapie plus personnalisée sont requises. Ceci 
nécessite une caractérisation en profondeur des bases moléculaires, héritées ou acquises, et 
des mécanismes liés gouvernant l'apparition et la progression de la maladie ainsi que la 
résistance au traitement. Il faut non seulement considérer les mutations récurrentes mais 
aussi être capable de mettre en évidence les mutations somatiques rares, voire tumeur-
spécifiques, participant à la spécificité interindividuelle pourtant sous-estimée par la plupart 
des études actuelles. Ainsi, bien que nombreux, les efforts de caractérisation de la LAL se 
sont souvent limités aux seules mutations somatiques récurrentes, oubliant les évènements 
rares mais potentiellement fonctionnels, plus difficiles à mettre en évidence.  
Au cours de mon doctorat, j'ai voulu exploiter le potentiel du séquençage de nouvelle 
génération afin de caractériser le paysage génomique d’une cohorte de LAL de l’enfant 
diagnostiqués au CHU Sainte-Justine (la cohorte QcALL), intégrant les mutations récurrentes 
mais aussi ces évènements drivers rares. Le SNG offre l’opportunité sans précédent de 
déchiffrer l'hétérogénéité génétique intratumorale qui contribue à la résistance aux 
traitements dans le cadre des rechutes.  
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Les objectifs spécifiques de cette étude étaient: 
1. Développer un outil capable d'identifier efficacement les mutations somatiques au sein de 
données SNG “low pass” en intégrant les matériels normal et tumoral du patient; 
2. Investiguer l'implication des mutations rares, héritées ou somatiques, dans la 
prédisposition, l'initiation ou la progression de la LAL-B; 
3. Établir un paysage génomique exhaustif de la LAL-T; 
4. Définir les schémas d'évolution clonale et identifier les mutations drivers de rechute à 




1.7. Impact attendu 
Ce projet permettra: i) de fournir à la communauté de recherche en oncogénomique un outil 
capable d'exploiter les données de séquençage sous-optimales; ii) d'accroître notre 
compréhension des bases moléculaires des LAL-B et -T; iii) de capturer la dynamique clonale 
et les évènements associés à la résistance aux traitements.  
En déchiffrant les déterminants génomiques qui constituent la variabilité inter- et intra-
tumorale et en identifiant les mutations drivers de rechutes, nous espérons compléter les 
connaissances sur le processus leucémogène. À l'heure de la médecine personnalisée, ces 
données devraient permettre d'améliorer la classification des patients dans les groupes de 





ARTICLE I - SNooPer: a machine learning-based method for somatic 






Depuis l'avènement du séquençage de nouvelle génération, le nombre d'études 
oncogénétiques exploitant cette technologie n'a eu de cesse de croître. Il est aujourd'hui clair 
que les événements les plus fréquents, identifiables au sein de cohortes réduites, sont pour 
la plupart caractérisés. Afin d'identifier des évènements plus rares ou des effets/associations 
nécessitant d'étudier les données provenant d'un grand nombre d'individus, la communauté 
développe de plus en plus de projets exploitant de très larges cohortes. Étant donnée le coût 
du séquençage, l'augmentation du n de ces études se fait souvent au détriment de la qualité 
du séquençage avec notamment une profondeur de couverture réduite. Ces données de 
qualité sous-optimale posent de nombreuses difficultées. En particulier, l'identification de 
mutations somatiques par les outils disponibles conduit à la génération de nombreux faux 
positifs imposant des coûts supplémentaires de validations infructueuses. C'est dans l'optique 
de proposer une solution à ce problème que nous avons développé SNooPer, un outil 
permettant d'identifier SNVs et indels somatiques en s'adaptant à la qualité des données 
disponibles. Afin de permettre son utilisation par la communauté, l'outil est téléchargeable en 
ligne sur la plateforme d'”open source software“ SourceForge 
(https://sourceforge.net/projects/snooper/files/) et un site internet dédié a été créé 
(http://www.somaticsnooper.com/). 
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SNooPer: a machine learning-based method for somatic variant 
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Background. Next-generation sequencing (NGS) allows unbiased, in-depth interrogation of 
cancer genomes. Many somatic variant callers have been developed yet accurate 
ascertainment of somatic variants remains a considerable challenge as evidenced by the 
varying mutation call rates and low concordance among callers. Statistical model-based 
algorithms that are currently available perform well under ideal scenarios, such as high 
sequencing depth, homogenous tumor samples, high somatic variant allele frequency (VAF), 
but show limited performance with sub-optimal data such as low-pass whole-exome/genome 
sequencing data. While the goal of any cancer sequencing project is to identify a relevant, 
and limited, set of somatic variants for further sequence/functional validation, the inherently 
complex nature of cancer genomes combined with technical issues directly related to 
sequencing and alignment can affect either the specificity and/or sensitivity of most callers.  
Results. For these reasons, we developed SNooPer, a versatile machine learning approach 
that uses Random Forest classification models to accurately call somatic variants in low-
depth sequencing data. SNooPer uses a subset of variant positions from the sequencing 
output for which the class, true variation or sequencing error, is known to train the data-
specific model. Here, using a real dataset of 40 childhood acute lymphoblastic leukemia 
patients, we show how the SNooPer algorithm is not affected by low coverage or low VAFs, 
and can be used to reduce overall sequencing costs while maintaining high specificity and 
sensitivity to somatic variant calling. When compared to three benchmarked somatic callers, 
SNooPer demonstrated the best overall performance.  
Conclusions. While the goal of any cancer sequencing project is to identify a relevant, and 
limited, set of somatic variants for further sequence/functional validation, the inherently 
complex nature of cancer genomes combined with technical issues directly related to 
sequencing and alignment can affect either the specificity and/or sensitivity of most callers. 
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The flexibility of SNooPer’s random forest protects against technical bias and systematic 
errors, and is appealing in that it does not rely on user-defined parameters. The code and 
user guide can be downloaded at https://sourceforge.net/projects/snooper/. 
 
Keywords 
Somatic variant; Low-pass next-generation sequencing; Machine learning; Random Forest. 
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2.4. Background 
The advent of next-generation sequencing (NGS) has allowed unbiased in-depth 
interrogation of cancer genomes and has led to the identification of a number of tumor-
specific mutations responsible for driving oncogenesis in multiple cancer types including skin 
carcinoma [1,2], bladder cancer [3], prostate cancer [4,5], colorectal cancer [6], breast cancer 
[7-12], medulloblastoma [13] and leukemias/lymphomas [14-18]. Sequencing of matched 
normal-tumor pairs is routine in cancer research in order to identify a relevant, and limited, set 
of somatic variants for further functional validation. However, the inherently complex nature of 
cancer genomes [19], the heterogeneity of tumor samples, as well as random (or systematic) 
sequencing and alignment errors can affect the specificity and/or sensitivity of most variant 
callers [20]. Of particular interest is the identification of low-frequency tumor alleles that arise 
in subclonal tumor cell populations, often contributing to treatment failure and relapse [21-25]. 
While NGS provides the opportunity to track specific mutations in tumor subclones and 
potentially uncover mutations with relapse driving potential [26], the identification of such 
mutations within the primary tumor cell population is often confounded and difficult to 
distinguish from background noise, as evidenced by the consistently low concordance rates 
between algorithms [20].  
 
A number of methods have been developed to overcome these challenges in somatic 
mutation calling in matched normal-tumor samples. These methods are either heuristic, such 
as VarScan2 [27] that relies on independent analysis of tumor and normal genomes followed 
by a statistical Fisher’s Exact Test of read counts for variant detection, or probabilistic, such 
as SomaticSniper [28], JointSNVMix [29], Strelka [30] and MuTect [31] that use Bayesian 
modeling to estimate likely joint normal-tumor genotype probabilities. Yet most somatic 
variant callers still perform poorly at low sequencing depths [32]. Indeed, large investments in 
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validation efforts are needed to compensate the high false positive rates of most exploratory 
projects that are aimed at investigating more than a small set of top ranked high confidence 
somatic variants. And though progressively larger cohorts of individuals are being sequenced, 
the tendency towards shallow or low-coverage data is still de rigueur, particularly for whole 
genome sequencing initiatives, due to high sequencing costs. 
 
To address these issues, we developed SNooPer, a versatile data mining approach that uses 
Random Forest (RF) classification [33] to accurately identify somatic variants in complex, low-
depth sequencing data. Unlike available somatic variant callers, SNooPer does not rely on 
user-defined parameters but builds upon the data itself to construct powerful prediction 
models and increase calling performances. Using both simulated and real datasets, we 
evaluated SNooPer’s ability to detect true somatic mutations in unbalanced, low-depth 
datasets while limiting false positive calls, and compared its performance to three 
benchmarked algorithms - Varscan2 [27], JointSNVmix [29], and MuTect [31]. 
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2.5. Design and implementation 
2.5.1. Design 
The purpose of SNooPer is to distinguish sequencing errors (false positives - FPs) from 
actual somatic variants (true positives - TPs) in matched normal-tumor sequencing data. 
SNooPer uses a Leo Breiman RF classifier [33] which was chosen because of its limited 
tendency to overfit training data [33], its efficient management of very large datasets and its 
capability to cope with unbalanced datasets, in which one class (in this case sequencing 
error) is overrepresented in comparison to the other (somatic variation). RF applies bootstrap 
aggregation or “bagging” (subsets of the training data are selected with replacement) on 
multiple decision trees grown without pruning in which each node is split based on the 
information provided by a subset of randomly selected features. For each variant position, 15 
features expected to be informative for the identification of true somatic mutations are 
extracted and/or calculated from the mpileup files. The complete list of features and their 
descriptions are presented in Supplementary Table 1 (S1 Table). These features are divided 
into five main groups: i) quality bias of alternative bases (related to base and mapping phred 
quality values), ii) coverage and VAF, iii) location along the read, iv) strand bias, and v) 
others. When appropriate, features are evaluated with respect to reference bases at the 
same position (vs_ref). To reduce over-fitting on training data and when possible, instead of 
absolute values, features are normalized using the corresponding median value calculated 
from randomly extracted subsets of variants from corresponding mpileup files (vs_med). For 
each model, features are ranked and selected by measuring information gain (IG) or 
Kullback–Leibler divergence [34] with respect to the class (InfoGainAttributeEval method, 
Weka suite [35]). Given that the relative importance of features for prediction may vary 
depending on the dataset or the genomic region of interest, the flexibility of SNooPer allows a 
new set of features to be selected in the training of each new model. By default, during each 
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training phase and using the remaining bootstrap datasets (unused portion of the bootstrap 
as a test set), RF estimates the generalization error using the out-of-bag (oob) error as an 
internal control. Once trained, the model is saved and applicable to any new dataset 
presented to SNooPer. In the event that validation subsets are not readily available, we have 
also developed a series of pre-trained classification models that can be used to call variants 
from most datasets, including those obtained from other cancer types. 
 
2.5.2. Code implementation 
SNooPer is written in the Perl programming language and has a few dependencies: 
Math::CDF, Text::NSP::Measures::2D::Fisher, Statistics::Test::WilcoxonRankSum and 
Statistics::R. Furthermore, SNooPer uses a RF classifier implemented in Weka suite (3.6.10 
or greater) [35] and requires the Java Runtime Environment (1.5 or greater). Additional and 
optional filters (germline dataset and blacklisted genomic regions) require a Bedtools 
intersect function [36]. Receiver Operating Characteristic (ROC) and Precision-Recall (PR) 
curves are drawn using the R package 'pracma' (Practical Numerical Math Functions). 
Detailed information about how to install and run SNooPer, including all available options, are 
described in the supplementary information. 
 
2.5.3. Workflow 
The complete workflow of SNooPer's algorithm is shown in Figure 1 (common keywords 
between the figure and the following description are indicated in italics).  
 
2.5.3.1. Somatic testing and feature extraction 
SNooPer expects both normal and tumor files in SAMtools mpileup format (Pileup T vs. 
Pileup N in Figure 1). To call variants as somatic, a Fisher's exact test is applied to compare 
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the distribution of reads supporting the reference and the alternative allele between normal 
and tumor samples. Optionally, SNooPer can integrate two additional filters input as BED 
format files (Bedtools step in Figure 1) to exclude overlaps with any provided germline 
dataset (e.g. common polymorphisms from 1000 Genomes dataset [37]) or blacklisted 
genomic regions (e.g. poorly mappable regions from the RepeatMasker sequence [38]). 
Using the default parameters of quality filters, the algorithm only considers positions 
presenting at least one read (mapping quality value - MQV ≥10) supporting the alternative 
allele (base quality value - BQV ≥20), and requires a minimum coverage of 8X in both the 
tumor sample and its normal counterpart. Features extraction (S1 Table) is then make for 
each putative somatic variants that passed these filters. 
 
2.5.3.2. Training phase  
During this phase, identified variants are divided into two classes according to orthogonal 
validations: a false positive class (errors) and a true positive class (validated variations). This 
dataset is then used to train the RF classifier. To improve time-effectiveness, the default 
number of trees used to build the model is limited to 300 (see Results). At each node, 
Log2(total number of attributes)+1 features are randomly selected. The oob error rate is used 
as an unbiased estimate of the classification error as trees are added to the forest during 
training. The classification error rate is also controlled by default using a 10-fold cross-
validationestimator. Informative features for the classification are selected by measuring 
information gain or Kullback–Leibler divergence. ROC and PR curves (Training curves) and 
the related Areas Under the Curves (AUCs) are calculated for each training run (S1 Fig). 
Furthermore, SNooPer was designed to allow variable VAF intervals for targeted training as 
well as cost-sensitive learning to compensate unbalanced data and allow for high sequencing 
error rates. For discovery, users can also vary the cost of false negatives and false positives 
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to reflect more liberal or conservative modeling. The trained model can be saved and applied 
to any subsequent dataset. 
 
2.5.3.3. Calling phase 
During the calling phase, the trained model as well as new tumor and matched normal 
mpileup files are used as input. A Fisher's Exact Test is performed (Pileup T vs. Pileup N) to 
identify putative somatic variants. Features that have been used to train the model of interest 
are calculated from the mpileup files for each of the putative variants and the model is applied 
for classification. The calling phase outputs a VCF file, which includes the somatic p-value 
from the Fisher's exact test, a categorical annotation of prediction (''PASS'' or ''REJ'') and 
associated class probability (from 0.5 to 1) for each somatic variant identified, allowing the 
user to adjust numerical filters with more flexibility than that allowed by categorical 
predictions. 
 
SNooPer’s run-time efficiency is acceptable. For example, to run an entire training phase 
using 250 TPs and 30,000 FPs from 4 sets of whole-exome sequencing (WES) data as input 
(12 matched normal-tumor pileup pairs) and 300 trees and a 10-folds cross validation as 
training parameters, the algorithm runs for about 8 hours on a standard 12-core computer 
workstation with 24 Gbytes of memory, each core running at 2.667 Ghz. The time taken by 
the Random Forest increased linearly with the number of trees built: 0.58, 8.43, 24.45, 50.45 
and 83.22 minutes were needed to build 10, 100, 300, 600 and 1,000 trees, respectively 
(these periods of time excluded the time taken for the calculation of features which relies on 
the size of the training dataset, not on the the number of trees used). Finally, during a 
standard calling phase, using a single-core (2.667 Ghz), SNooPer analyses approximately 
5,000 pileup lines per minute. 
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2.6. Results and Discussion 
2.6.1. Classifier performance assessment 
For the development and assessment of SNooPer, we used a series of real NGS datasets 
from 40 unrelated childhood acute lymphoblastic leukemia (cALL) patients (Fig 2 and S2 
Table). All study subjects were French-Canadians of European descent from the established 
Quebec cALL (QcALL) cohort [39]. For each patient, bone marrow and blood samples were 
collected at diagnosis prior to treatment (patient tumor) and at remission (matched patient 
normal). DNA was extracted using standard protocols [40] and sequenced on the Life 
Technologies SOLiD 4 System to constitute Dataset 1 (mean coverage on targeted region 
=30X). 12 cALL patient genomes (6 tumor-normal), overlapping Dataset 1, were also 
sequenced by Illumina, Inc. on the HiSeq 2000 (mean coverage =90X) and considered as 
orthogonal validation for Dataset 1. Finally, 2 samples sequenced at higher depth on the 
Illumina system (HiSeq 2500, mean coverage of 200X), overlapping Datasets 1 and 2, were 
used as validation for Dataset 2 (Fig 2 and Supplementary information for details). To test our 
somatic caller, we generated 4 model scenarios constructed using these 3 datasets (Fig 2 
and Supplementary information for details). These scenarios were constructed to test the 
effect on training of the RF classifier of either a variation of the number of trees (models 1A 
vs. 1B), of the skewness of the (unbalanced) datasets (models 1B vs. 1C), or of the 
sequencing depth and technology (model 2 vs. model 1A).  
 
2.6.1.1. Classifier training 
10-fold cross-validation was used to compare the performance of SNooPer’s classification 
based on the training for each Model (Fig 2, Supplementary information). ROC and PR 
curves were generated and the related AUC was measured on each training dataset (Fig 3A, 
3B, 4A and 4B). Cohen's kappa coefficient [41] was also used to assess the performances of 
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SNooPer’s RFs under each modeled condition (Fig 3C and 4C). To assess SNooPer’s ability 
to classify an unbalanced test set while being trained with a reduced and balanced training 
dataset, we constructed Model 1C using 250 true and false positive calls from the training set. 
To cope with the unbalanced test set on which the model was applied, we weighted training 
instances (stronger cost on false positives) using SNooPer's cost sensitive training option.  
 
Evaluation of the oob error rates for Models 1A, 1B, and 1C (0.003, 0.003 and 0.022, 
respectively), suggested powerful classification performances for SNooPer’s RF. ROC AUCs 
(0.9724, 0.9783 and 0.9815), PR AUCs (0.7933, 0.8059 and 0.9817) and Kappa coefficients 
(0.7824, 0.7882 and 0.8600) also showed good agreement for SNooPer’s RF under Models 
1A, 1B, and 1C, respectively. Improved training statistics for Model 1C were due to a strong 
reduction of the number of false positives in the training dataset from 30,000 to 250. 
 
We compared classification performances of SNooPer’s RF to two other decision tree 
generators: we trained Dataset 1 using the C4.5 algorithm [42] (J48 in Weka suite) and 
SimpleCart [35]. For C4.5 classification, a confidence factor of 0.25 was used for pruning and 
we set a minimum of two instances per leaf. For SimpleCart, a minimum number of two 
observations at the terminal nodes was used with 5-fold internal cross-validation. C4.5 and 
SimpleCart trainings clearly underperformed RF with ROC AUCs of 0.8834 and 0.8343 
respectively (Fig 3A). 
 
To investigate how coverage, sequencing technologies and post-sequencing data processing 
(e.g. mapping method) may influence SNooPer’s performance, we constructed Model 2 using 
Dataset 2. The training phase for this Illumina whole-genome sequencing (WGS) dataset 
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(mean coverage of 90X) returned a oob of 0.001, a Kappa coefficient of 0.9344 and ROC and 
PR AUCs of 0.9643 and 0.8662. 
 
Firstly, to evaluate the influence of coverage on SNooPer's classification performances, we 
constructed artificial test datasets. The coverage of Dataset 2 was reduced by 10% (~81X) to 
80% (~18X), through subsampling using SAMtools [43]. We found no clear decrease in 
performance except at sequencing depths below 18X (80% reduction) as illustrated by a PR 
AUC of 0.7982 and a Kappa coefficient of 0.8237 (Fig 4). Interestingly, the best overall 
performance was observed at 45X (50% reduction) with ROC and PR AUCs of 0.9918 (2nd 
best) and 0.9297 (best) and a Kappa coefficient of 0.9423 (2nd best). At ~36X (40% reduction 
in coverage), SNooPer performances were better than those obtained for Dataset 1 (mean 
30X depth coverage) with ROC, PR AUCs and a Kappa coefficient of 0.9834, 0.8818 and 
0.9130 compared to 0.9724, 0.7933 and 0.7824 obtained using Model 1A on Dataset 1. The 
improved performance is likely due to differences in sequencing and post-sequencing data 
processing methods, suggesting that inherent sequencing platform and/or mapping biases 
can influence SNooPer’s classification. Overall, and despite slight variations between 
Datasets 1 and 2, evaluation of the performance of the classification model yielded satisfying 
results across distinct datasets and sequencing technologies, further highlighting the flexibility 
of SNooPer’s classification model. 
 
2.6.1.2. Comparison with other methods 
To achieve an accurate and unbiased estimate of the performance of SNooPer in predicting 
somatic variants, and to compare SNooPer to other routinely used somatic single nucleotide 
variant (SNV) callers including Varscan2 255 [27], JointSNVMix [29] and MuTect [31] 
(Supplementary information), we randomly excluded whole exome sequencing data from 
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Dataset 1 before training and used it as test set (Fig 2, Supplementary information). This test 
set is a particularly demanding dataset given its severely unbalanced class distribution, with 
approximately 1 true somatic variation per million false positives presenting at least one 
supporting read (TP/FP =9.3E-07).  
 
To accurately compare the performances of different algorithms, recall values were fixed for 
all callers and we estimated the precision (fraction of real calls) of each algorithm on the test 
dataset. Data were filtered on numerical values for all callers instead of on categorical 
variables only (Supplementary information). To evaluate the predictive performance of each 
somatic SNV calling algorithm, we generated PR curves and assessed the related AUCs (Fig 
5). Regardless of the trained model used, SNooPer outperformed all other callers on this test 
dataset. The lowest AUC obtained for SNooPer (0.5732) was obtained using Model 1C while 
JointSNVMix, Varscan2 and MuTect reached AUCs of 0.3930, 0.1768, and 0.0491 
respectively. SNooPer Models 1A and 1B, trained using 300 and 1,000 trees respectively, 
showed very similar performances with AUCs of 0.6310 and 0.6517. For Model 1C, 
reweighting of false positives correctly compensated the bias that was generated from the 
use of a balanced training set that was not representative of the test set. Overall, the use of 
SNooPer’s RF classification algorithm lead to efficient identification of clonal and subclonal 
somatic variations with VAFs ranging from 0.16 to 0.58, with low false discovery rates of 
0.363, 0.342 and 0.367 for Models 1A, 1B and 1C, respectively (mean false discovery rate - 
FDR over tested points). Among the 3 models, only Model 1C missed a mutation with low 
VAF (0.16). Limited performances and high mean FDRs observed for other methods 
(FDRVarscan2 =0.527, FDRJointSNVMix =0.822, FDRMuTect =0.945) were probably due to the 
suboptimal quality of SOLiD sequencing data with high sequencing/mapping error rates and 
low coverage (mean coverage of ~30X) for the callers’ standards. More specifically, given the 
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limited power of the strand bias feature to discriminate true positive calls from errors in 
Dataset 1 (see Feature Selection section in Supplementary information and S1 Table), 
methods such as Varscan2 and MuTect that rely significantly on this feature to call variations 
were expected to underperform on these data. Varscan2 filters out variants with >90% of the 
supporting reads originating from the same strand, and MuTect applies a restrictive strand 
bias filter based on a separate calling step on each strand implemented to avoid variants 
supported by a biased alignment. As expected, SNVs that were missed by these two 
algorithms were all positions that were affected by strand bias. Still, despite its strong strand 
bias filter, Varscan2 showed the best overall performance of the three benchmarked 
algorithms that were tested here. On the other hand, MuTect is known to be a very sensitive 
SNV caller that is powered to detect low VAF mutations. However, as illustrated in 
Supplementary Figure 2 (S2 Fig), the VAF distribution of somatic MuTect variations was 
clearly skewed toward very low VAFs compared to the distribution of true somatic SNVs 
present in the test set, leading to a large number of false positives in the MuTect output. A 
similar pattern with an increase in low VAF calls (<0.2) was observed for JointSNVmix, also 
resulting in increased false positive calls. Unlike other callers, the SNooPer algorithm involves 
a training phase where class assignment is directly learned from the dataset at hand, and this 
translated into a VAF distribution that matched the true positives distribution. Moreover, under 
Models 1A and 1B, SNooPer identified less than 90 somatic SNVs that included all true 
somatic SNVs present in the test dataset, while MuTect (power ≥0.16) identified 274 somatic 
variants, Varscan2 (somatic p-value ≤0.17) 397, and JointSNVMix (P(somatic) ≥0.29) 
identified 705 somatic SNVs, which included 92%, 83% and 100% of the true somatic 
variants, respectively. SNooPer's somatic SNV calls under Model 1A and 1B were thus more 
precise and no true somatic variants were missed, further highlighting its superior 
performance. With a higher sensitivity and specificity for somatic SNV detection in our low 
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quality test set (mean coverage <30X), SNooPer outperformed commonly used somatic 
variant callers such as Varscan2, JointSNVMix and MuTect. Importantly, this report was not 
meant to question the performance of benchmarked callers that have proven to be efficient 
and that classically show satisfactory results with high coverage datasets.  
 
2.6.1.3. Real data analysis 
We then evaluated our trained Model 1A on the remaining data from Dataset 1 that consisted 
of 34 B- and T-cell cALL patients (S2 Table). To identify somatic variations with high driver 
potential, only predicted deleterious SNVs with Sift [44] p-values ≤ 0.05 were considered. 50 
heterozygous candidate SNVs (VAF <0.6) presenting a class probability over 0.9 and a 
coverage of at least 15X in the normal sample were randomly selected for validation. These 
variations showed coverage values ranging from 23 to 115X (mean coverage 51X) and VAFs 
ranging from 0.10 to 0.57 (median 0.38). For orthogonal validation of this dataset, we used 
targeted ultra-deep sequencing (Illumina) of the patient’s tumor material (>1000X) and of the 
normal counterpart in order to confirm the somatic nature of each of the identified variants 
(Fig 6, Supplementary information). 
 
A total of 90% (45/50) of the tested SNVs were confirmed real variants, that is found in the 
tumor material of the patient following our filtering criteria (see Methods). Among these 45 
variations, 80% (36/45) were validated somatic mutations (present in tumor only) and 20% 
(9/45) were identified as germline. Overall, if the confirmed somatic variations are considered 
true positives and the errors (no calls in re-sequencing) combined with germline variations 
are considered as false positives, SNooPer’s somatic SNV identification reached a precision 
of 0.71 (see Methods). As expected, the identified germline mutations had VAFs around the 
expected clonal heterozygous allele frequency of 0.50 with a mean VAF of 0.47 and a 
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variance (σ2) of 0.004, while the confirmed somatic mutations had a lower mean VAF of 0.36 
associated with a wider distribution (σ2 =0.009) averaged from the different subclones present 
in the sample. Importantly, SNooPer showed no bias of performance in calling subclonal 
SNVs with low VAF with 2 FPs under and 3 FPs over the median VAF of 0.36, and reached a 





Most available somatic SNV calling methods offer user-defined categorical filters or at best, 
numerical filters to fine-tune or customize SNV calling, however these can have a strong 
influence on the output. SNooPer does not rely on user-defined parameters and in doing so, 
allows versatility and flexibility to cope with complex datasets. Here, the model is directly built 
around the data itself therefore limiting any bias or subjectivity in somatic mutation calling. 
Firstly, although systematic errors in the training dataset are likely to exist, the use of an 
independently sequenced (different technology, mapping) validation dataset will teach 
SNooPer to recognize systematic errors from the original dataset and to classify them as 
false positive. Therefore, this method leads to a by-default elimination of systematic errors 
associated to each sequencing platform. Furthermore, rather than using standardized filters, 
the importance of each feature for variant classification is directly measured from the data. 
While any RF algorithm includes by default attribute selection, we also provided the possibility 
for users to perform a dimensionality reduction of features based on information gain. In 
doing so we reduce the chance of false positive occurrence due to a strong yet biased 
feature, which may, in part, explain SNooPer’s superior performance compared to other 
tested callers. Moreover, SNooPer can accommodate reduced training datasets, such as the 
one constituted of 250 false and true positives used here, compensate the balance bias using 
cost sensitive training, and still outperform other commonly used somatic variant callers. 
Although not reported here, SNooPer also offers an Indel training algorithm and the 
corresponding calling option that is available in the latest released version. Finally, given that 
sequencing errors have been linked to homopolymers or G-rich sequence motifs, an updated 
version of the software that considers the context of genomic coordinates is under 
development. 
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As NGS moves toward the clinic and proves its usefulness as a powerful diagnostic tool, 
whole-genome approaches remain limited to rapid low-pass whole-genome sequencing as a 
cost-compatible compromise. Sensitive calling algorithms such as SNooPer that is tailored 
around the data, will thus be indispensable to weed out true somatic variants and identify 
potential driver mutations or actionable targets. SNooPer was developed in response to this 




2.8. Supplementary information 
2.8.1. Datasets 
Dataset 1 consisted of 80 cALL patient exomes (40 tumor and 40 normal) (Fig 2 and S2 
Table). Whole exomes were captured in solution with Agilent’s SureSelect Human All Exon 
(50Mb) kit according to the manufacturer’s protocol and sequenced on the Life Technologies 
SOLiD 4 System (mean coverage on targeted region =30X) at the Integrated Clinical 
Genomic Centre in Pediatrics, CHU Sainte-Justine. Reads were aligned to the Hg19 
reference genome using LifeScope Genomic Analysis Software. PCR duplicates were 
removed using Picard [1]. Genotype quality score recalibration was performed using the 
Genome Analysis ToolKit (GATK) [2]. After filtering out low quality reads, mpileup files were 
created from BAM files using SAMtools [3] (Fig 1). 
Dataset 2 consisted of a subset of 12 cALL patient genomes (6 tumor and 6 normal) 
overlapping Dataset 1 (Fig 2 and S2 Table). Whole genomes were sequenced by Illumina, 
Inc. on the HiSeq 2000 (mean coverage =90X); resulting reads were aligned to the Hg19 
reference genome using the Illumina Casava software. Bam files were cleaned and mpileup 
files created as above. SNVs were called from cleaned BAM files using GATK 
HaplotypeCaller [2] and filtered according to the Broad Institute recommendations (QD <2.0, 
MQ <40.0, FS >60.0, MQRankSum <-12.5 and ReadPosRankSum <-8.0). 
Dataset 3 was composed of 2 samples sequenced at higher depth on the Illumina system 
and overlapping Datasets 1 and 2 (Fig 2 and S2 Table). Here, exomes were captured using 
Illumina’s Nextera Exome Enrichment kit following the manufacturer's’ protocol and 
sequenced on the HiSeq 2500 at the Integrated Clinical Genomic Centre in Pediatrics, CHU 
Sainte-Justine with a mean coverage of 200X. Mapping to the Hg19 reference genome was 
performed using Bowtie2 [4] and BAM files were cleaned and mpileup files created as above. 
SNVs were called using GATK HaplotypeCaller as described for Dataset 2. 
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The sequencing quality reports are available upon request. For all 3 Datasets, the genomic 
regions considered for further analysis and comparison were limited to the NCBI's Reference 
Sequence (RefSeq) [5]. 
 
2.8.2. Models 
To train the 4 distinct models used here (model 1A, 1B, 1C and 2), we considered the GATK 
HaplotypeCaller [2] output of Dataset 2 as the orthogonal validation of Dataset 1 (Fig 2). 
Although datasets 2 and 3 shared similar sequencing technologies (Illumina) and were 
therefore not orthogonal, given the differences of chemistry, platforms, coverage and 
mapping processes, we considered Dataset 3 to be a reliable validation set for Dataset 2. To 
construct models 1A, 1B and 2, 30,000 positions presenting alternative bases in the mpileup 
files of the test Datasets (1 or 2) and not identified by HaplotypeCaller [2] in the validation 
Datasets (2 or 3) were randomly selected and considered as false positives. Conversely, 250 
overlapping mutations between validation and test sets were considered as true positives. 
300 trees were used to construct models 1A and 2 and 1,000 trees for model 1B. To 
construct model 1C, a balanced training set consisting of 250 false and 250 true positives 
was used. For all our analyses, we performed paired normal/tumor somatic analysis and 
further filtered out variants that overlapped with 1000 Genomes (2012) [6]. Furthermore, 
overlaps with the RepeatMasker sequence obtained from UCSC genome browser [7] were 
excluded to avoid putative miscalled variants located in repetitive elements, including low-
complexity sequences and interspersed repeats. To determine the optimal number of trees to 
be generated, we gradually increased this value (from 100 to 1,000) and determined that, as 
the number of trees grew beyond 300, classifier performance was only slightly increased at 
the expense of processing time. Therefore, the default number of trees for SNooPer's RF was 
set to 300. 
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2.8.3. Comparison with other methods 
Given that classes (TP or FP somatic SNV calls) used to train SNooPer's RF model were 
based on the GATK HaplotypeCaller analysis of Dataset 2, and in order not to favor SNooPer 
over the other algorithms tested, we used an independent somatic mutation caller (Strelka 
[8]) for somatic SNV analysis in the test dataset. Overlapping mutations between Datasets 1 
and 2 with a VAF >0.10 in Dataset 1 and confirmed as somatic by Strelka in Dataset 2 were 
considered as true positives; overlapping non-somatic mutations were omitted. Conversely, 
variant positions in Dataset 1 that were not identified in Dataset 2 were considered as false 
positives. Positions matching the described criteria were retained in the original Bam files for 
further assessment by SNooPer and comparison with other methods. 
 
Using this dataset, we compared SNooPer to 3 benchmarked somatic SNV callers: i) 
Varscan2 (version 2.3.6) [9] was run in somatic mode using a pipe from SAMtools mpileup 
with a minimum mapping quality value (minBaseQ) of 10, the strand bias filter turned on 
(strand-filter = 1), a minimum of tumor (min-coverage-tumor) and normal coverage (min-
coverage-normal) of 10; ii) JointSNVMix and JointSNVMix2 (version 0.7.5) [10] were first 
trained ('train' mode) with default parameters (including 'min_normal_depth' and a 
'min_tumour_depth' of 10) to tune the parameters and were then run in 'classify' mode. 
Optional parameters 'minimum base quality' (min_base_qual) and 'minimum mapping quality' 
(min_map_qual) were set to 20 and 10, respectively. JointSNVMix yielded more accurate 
results in terms of sensitivity/specificity and was therefore used in our comparative analysis; 
we did not consider JointSNVMix2 any further; iii) MuTect (version 1.1.4) was run in high 
confidence (HC) mode with COSMIC version 54 [11] and dbSNP132 [12] as input. We also 
ran MuTect in ''artifact-detection-mode'', which increased sensitivity at the expense of 
specificity, therefore this option was not considered for the comparative analysis. 
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SNooPer performance was assessed and compared to the performance of each 
benchmarked method by measuring the false discovery rate (FDR), as well as the precision, 
defined as the ratio of the number of real variants retrieved (TP) to the total number of real 
variants and errors retrieved (TP+FP), and the recall, defined as the ratio of the number of 
real variants retrieved (TP) to the total number of real variants in the dataset (TP+FN):  
 
For SNooPer, we kept somatic SNVs (p-value =0) flagged as ”PASS” and varied the class 
probabilities (from 0.537 to 0.987, 0.519 to 0.949 and 0.756 to 0.930 for models 1A, 1B and 
1C, respectively). For Varscan2, only variants identified as “somatic” were considered and we 
evaluated the output based on somatic p-value that varied from 0.1669 to 3.2577E-8. 
JointSNVMix analysis was evaluated based on different somatic P-values that varied from 
0.2901 to 1. Finally, we considered mutations annotated as “KEEP” and “COVERED” by 
MuTect and varied the “power” (from 0.1614 to 0.9994). Mutect is very restrictive on its 
somatic SNV calls and selection of variants annotated as “NOVEL” only resulted in 
undercalling of true somatic variants.  
 
2.8.4. Real data analysis  
To assess SNooPer’s performance on a real dataset, we called somatic SNVs on a dataset 
consisting of 34 cALL patient exomes (68 matched normal-tumor samples) that were 
sequenced as in Dataset 1 (above). For orthogonal validation, somatic SNVs identified using 
SNooPer were then subjected to ultra-deep targeted resequencing using Illumina TruSeq 
Custom Amplicon assay as per the manufacturer’s instructions. Illumina DesignStudio was 
used to design custom oligos targeting 50 randomly selected high confidence SNVs called by 
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SNooPer. PCR purification was performed with Ampure Beads for 150bp amplicon size 
selection. Double stranded amplicons were pooled, quantified by qPCR and sequenced on 
the Illumina HiSeq 2500 system (paired-end: 2x100bp) to reach a minimum of 1000X 
coverage. Sequenced reads were aligned to the Hg19 reference genome using Bowtie2 [4] 
and variants were called using Varscan2 ''mpileuptosnp'' analysis [9]. Somatic SNVs 
identified in tumor only were considered as validated, while variants present in both tumor 
and normal were considered germline. 
 
2.8.5. Feature selection 
Features calculated from Dataset 1 were ranked according to their IG (S1 Table). Different 
threshold values of IG were measured to filter out less informative features and best results 
were obtained by eliminating features with less than 0.001 bits of IG. For this dataset, 3 
features presented more than 0.01 bits of IG: high quality VAF (allelic_freq_highqual), IG 
=0.0419; p-value obtained from a Wilcoxon rank-sum test comparing the base quality value 
(BQV) of reference bases versus alternative bases (GQBprob), IG =0.0142; mean mapping 
quality value (MQV) of alternative bases (var_mean_mqv_quality), IG =0.0121. Here, VAF 
was of particular importance for SNooPer’s classification performance: using a wide range of 
VAFs rather than a binary cutoff led to more efficient calling of subclonal variations (see 
below). Interestingly, the first feature belonging to the strand bias subgroup (Sbpbinom) only 
ranked 9th with an IG of 0.0022. This highlighted the limited importance of the strand bias for 
classification of these data. This could be explained by limited sampling (low coverage) on 
captured sequences known for their tendency towards artificial strand biases. Given the 
importance of strand bias in other algorithms tested here, this could lead to misinterpretation 
of certain performance comparisons. 
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2.8.6. Installation and usage 
INSTALLATION 
To install this module, run the following commands: 
 perl Makefile.pl 
 make 
 make test 
 make install 
 
SYNOPSIS 
>SNooPer.pl -help [brief help message] -man [full documentation] 
>Training: 
>SNooPer.pl -i [input_directory] -o [output_directory] -a1 [type_of_analysis1] -a2 [train] -w 
[path_to_weka] [options] 
>Classify/Evaluate: 
>SNooPer.pl -i [input_directory] -o [output_directory] -a1 [type_of_analysis1] -a2 
[classify/evaluate] -m [model] -w [path_to_weka] [options] 
 
DESCRIPTION 
>SNooPer requires a training phase during which a training dataset (a subset of validated 
positions) is used to construct a model that can be then applied to call variants on an 
extended test dataset. 
>For the training phase ("train"), the user must provide 2 types of files: 
>1.pileup files (.pu) with similar characteristics as the test dataset on which the trained model 
will be applied. 
>Somatic analysis format: tset_T_sample_id.pu and tset_N_sample_id.pu 
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>Germline analysis format: tset_sample_id.pu 
>2.vcf files (.vcf) validation files that are ideally orthogonal validations of the positions 
contained in the pileup files. 
>Somatic analysis format: vset_T_sample_id.vcf 
>Germline analysis format: vset_sample_id.vcf 
>Each position in the pileup files must be tested a priori so that the class (true variant or 
sequencing error) is known by comparison with the vcf files. 
If a variant is present in the corresponding validation file, it will be considered as an actual 
variant. If the variant is absent from the validation file, the variant will be considered as an 
error. 
>To be considered as the corresponding validation file of a .pu file, the .vcf file has to present 
the same sample_id. 
>For the classification phase ("classify") or to evaluate a model ("evaluate"), the user simply 
provides the paths to the model that is to be applied and to the pileup files from the test 
dataset: 
>Somatic analysis format: tset_T_sample_id.pu and tset_N_sample_id.pu 
>Germline analysis format: tset_sample_id.pu 
>Note that input files must contain the prefix tset_ (for training or test dataset, depending on 
the context) and the .pu extension or vset_ (for validation dataset) and the .vcf extension. 
 
REQUIREMENTS 
>The following programs must be installed: 
-Weka; the current version of SNooPer was tested with version weka-3-6-10. 
-R; the current version of SNooPer was tested with version R/3.2.1 
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-Bedtools if BlackList (-r) or germDB_track (-g) options are applied. The current version of 
SNooPer was tested with version bedtools-2.17.0. 
>For the development and testing of SNooPer: 
The BlackList track corresponded to the RepeatMasker track downloaded from UCSC. 
"Assembly" has to be set according to the reference used to map your sequences, "Group" 
was set to Variation and Repeats, and "Track" was set to RepeatMasker. The track was 
downloaded in a .bed format. 
>The germline database used as germDB_track corresponded to the 1000 Genomes 




-help <brief help message> 
-man <full documentation> 
-a1 <type_of_analysis1> Can take the following values: "somatic" or "germline". "somatic" 
means that the somatic evaluation will be done based on N samples provided (and additional 
germline data if provided, see germDB_track -g option). 
-a2 <type_of_analysis2> Can take the following values: "train", "classify" or "evaluate". 
->if "train" is selected, a model will be trained based on the comparison of the training dataset 
(tset) and the validation dataset (vset). A subset of the data provided (subset chosen with the 
-v and -nv options or automatically selected) for which the class is known (0/1 = non-
validated/validated = not shared by tset and vset / shared by tset and vset) will be used for 
training. Therefore, a partially overlapping dataset between tset and vset must be provided. 
Final classification of the complete data will be done base on the trained model. Furthermore, 
evaluation of the model will be performed using a subset excluded beforehand. 
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->if "classify" is selected, the provided test dataset (tset) is classified using a model created 
previously. This model has to be in an .arff format (see Weka documentation for more info). 
->if "evaluate" is selected, the provided dataset (tset) is classified using a model created 
previously. The purpose of this option is to evaluate a previously created model based on the 
classification of an independent dataset (never used to train the model). To evaluate the 
model, the class of each variant in the dataset must be known. Therefore, the data from both 
tset and vset must be provided. These data should be located in a new directory containing 
these files only. 
-i <input_directory> Complete path to your input directory. 
-o <output_directory> Complete path to your output directory (input and output can be located 
in the same directory). 
-m <path_to_model> Complete path to the directory of a previously trained model. This option 
should be set only if the type of analysis 2 is "classify" or "evaluate". 
-w <path_to_weka> Complete path to the weka.jar executable. 
-------------------------------------------------------- 
-a3 <type_of_analysis3> [optional] Can take the following values: "SNP" or "Indel". The 
default value is "SNP". 
-a4 <attributes_selection> [optional] Can take the following value: "off", "MI" or "BestFirst". 
The default value is "off". If "MI" is selected (Weka InfoGainAttributeEval + Ranker): 
evaluation the worth of an attribute by measuring the information gain with respect to the 
class + ranking of attributes by their individual evaluations. Attributes will be discarded if 
presenting less than 0.001 bits of mutual information. If "BestFirst" is selected (Weka 
CfsSubsetEval + BestFirst): evaluate the value of a subset of attributes by considering the 
individual predictive ability of each feature along with the degree of redundancy between 
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them + evaluate the space of attribute subsets by greedy hillclimbing augmented with a 
backtracking facility. 
-b <path_to_bedtool> [optional] Complete path to bedtools binary file. 
-bqv <bqv> Base quality value (phred) of a variation to be considered as "High Quality". 
Default value is 20. 
-c <contamination> [optional] Fraction of normal cells in the tumor sample. Can take a value 
between 0 and 1. Default value is 0. 
-cf <covered_filter_N> [optional] Can take the following values: "on" or "off". If the filter is "on", 
only positions with a minimum coverage of "coveragefilter_N" in the N will be considered in 
the T for somatic analysis. Default value is on. 
-cm <cost_matrix> [optional] used to adjust the weight of mistakes on a class (see 
http://weka.wikispaces.com/CostMatrix). The cost matrix has to be define in a single line 
format using comma to separate values ex: 0.0,5.0,1.0,0.0 here the weight on false positive is 
5 and on false negatives is 1. 
-cn <coveragefilter_N> [optional] Defines the minimum of coverage for a position to be 
considered in the N files during a Somatic analysis or the Germline analysis. If a position in 
the T file doesn't reach the coverage limit in the N file, the position can't be call Somatic and 
won't be considered. Default value is 8. 
-ct <coveragefilter_T> [optional] Defines the minimum coverage required for a position to be 
considered in the T file during a Somatic analysis. Default value is 8. 
-fi <freqinf> [optional] Defines the inferior limit of allele frequency for a variant position to be 
considered in the T file during a Somatic analysis. Default value is 0. 
-fs <freqsup> [optional] Defines the superior limit of allele frequency for a variant position to 
be considered in the T file during a Somatic analysis. Default value is 1. 
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-g <path_to_germDB_track> [optional] Complete path to any germline variant database track. 
If such a file is provided and if the type_of_analysis1 is "somatic", the variations located at 
these positions will be considered as germline during the somatic variant calling process. 
-id <job_id> [optional] The output file name will be: SNooPer_output_job_id_date. 
-ind <indel_filter> [optional] Can take the following values: "on" or "off" when 
type_of_analysis3 is "SNP". If the filter is "on", pileup lines containing indels won't be 
considered during the SNP calling process. Default value is on. 
-k <cross_validation> [optional] Integer to define the k-fold cross-validation used to train the 
model. This option must be set only if the type of analysis 2 is "train" or "classify". Default 
value is 10. 
-mem <memory> [optional] The user can extend the memory available for the virtual machine 
by setting appropriate options. Ex: -Xmx2g to set it to 2GB. The user can also redirect 
temporary JVM files using the format: -Djava.io.tmpdir=/path/to/tmpdir 
-mqv <mqv> [optional] Minimum mapping quality value (phred) of a read in order for it to be 
retained as "High Quality" in the variant calling process. Default value is 20. 
-nN <nbvar_N> [optional] Defines the number of supporting variant reads required for a 
position to be considered in the N files during a Germline or Somatic analysis. 
-nT <nbvar_T> [optional] Defines the number of supporting variant reads required for a 
position to be considered in the T files during a Somatic analysis. 
-nv <nb_of_non_validated_var_to_train> [optional] Number of non-validated variants 
(discordant between tset and vset) used to train your model. If no value is provided, a default 
value will be calculated from the input file. It prevails over validated_variant_fraction and 
validated_nonvalidated_ratio. 
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-p1 <tech> [optional] Technology/chemistry used to produce the data to be classified. Can 
take the following values: "Solid", "Solexa", "Illumina-1.3", "Illumina-1.5" or ">Illumina-1.8". 
Default value is the Illumina-1.8 or higher ">Illumina-1.8". 
-q <qual_filter> [optional] Can take the following values: "on", "on+", "off" or "off". If the filter is 
"on" or "on+", only variants matching the selected bqv and mqv values will be considered. If 
"on+" or "off+" are selected, all attributes will be considered including those that depend on 
quality. Default value is on. 
-r <path_to_blacklist> [optional] Complete path to the BlackList track. This black list usually 
corresponds to problematic regions in the genome. If such a file is provided, the variations 
located in these regions won't be considered during the variant calling process. 
-s <somatic_pvalue> [optional] Somatic P-value filter based on a one-tailed Fisher's exact 
test comparing the somatic and germline allele count. Only variants presenting a P-value < to 
this value will be conserved. The default value is 0.1. The value must be set between 0 and 1. 
-t <tree> [optional] Number of trees to build the model. Default value is 300. 
-v <nb_of_validated_var_to_train> [optional] Number of validated variants (concordant 
between tset and vset) used to train your model. If no value is provided, a default value will 
be calculated from the input file. It prevails over validated_variant_fraction and 
validated_nonvalidated_ratio. 
-vf <validated_variant_fraction> [optional] Fraction of the validated variants to be used for 
training. The default value is 1. Note that if the number of validated positions is large, the 
analysis can be time-consuming. 
-vr <validated_nonvalidated_ratio> [optional] Ratio (nb of non-validated variants / nb of 
validated variants) in the training dataset. The default value is 0.1. Note that, if the training 






Figure 1. Workflow of SNooPer's algorithm. SNooPer uses both normal and tumor files in 
a SAMtools mpileup format as input. It requires a training phase in which an orthogonal 
validation (re-sequencing) dataset is used to train the RF classification model that is 
subsequently used to call somatic variations in the test dataset. Light grey boxes represent 
the training steps while dark grey boxes represent calling steps. Dotted boxes represent 




Figure 2. Datasets used to develop and assess SNooPer. All 3 datasets were generated 
from real childhood acute lymphoblastic leukemia samples. Arrows indicate sequencing 
overlaps between datasets. Re-sequencing was used as orthogonal validation for the training 
phases of the algorithm. RF Models (1A, 1B, 1C and 2) resulting from these training phases 
are shown below the corresponding arrows. 
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Figure 3. Training assessment of Model 1A, 1B and 1C. Data used to construct these 
curves were obtained from SNooPer’s RF training phase using Dataset 2 as a validation set 
and a subset of Dataset 1 as training set. Dark cyan, blue and light blue represent SNooPer's 
Model 1A, 1B and 1C, respectively and AUCs are shown for each model. (A) ROC curves. 
Solid, dashed and dotted lines represent RF, C4.5 (J48) and SimpleCart algorithms 
respectively. TPR stands for True Positive Rate and FPR for False Positive Rate. (B) PR 
curves. (C) Cohen's Kappa coefficient. 
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Figure 4. Training assessment of Model 2. The data used to construct these curves were 
obtained from training phases using Dataset 3 as validation set and either the original 
Dataset 2 (dark cyan) or an artificial version of Dataset 2 (shades of grey) in which the 
coverage was gradually subsampled from 10% (ratio of 0.9 ~81X; darkest grey) to 80% (ratio 
of 0.2 ~18X; lightest grey) as training set. AUCs are shown for each model. (A) ROC curves. 
Solid, dashed and dotted lines represent RF, C4.5 (J48) and SimpleCart algorithms 
respectively. TPR stands for True Positive Rate and FPR for False Positive Rate. (B) PR 
curves. (C) Cohen's Kappa coefficient. 
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Figure 5. Precision – Recall curves for method comparison. Data used to construct these 
curves were obtained from SNooPer’s calling phase using Model 1A (dark cyan), Model 1B 
(blue), Model 1C (light blue), Varscan2 (black), JointSNVMix (dark grey) and MuTect (light 
grey) on the test set. The test set was built using a subset of Dataset 1 that was kept 
completely separate during the training phase. AUCs are shown for each model. 
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Figure 6. Validation plot. Distribution of 50 randomly selected SNVs called using SNooPer's 
Model 1A on the independent validation set constituted of samples obtained from 34 
childhood acute lymphoblastic leukemia patients (matched normal and tumor). All selected 
SNVs were heterozygous with a VAF<0.6, predicted as damaging (Sift [42 44] p-values 
≤0.05) and presented a class probability >0.9. Each identified SNV was validated by targeted 
ultra-deep re-sequencing (>1000X). The grey line indicates the expected VAF (50%) for 
germline or clonal somatic heterozygous variants. Dark cyan squares, grey dots and white 




S1 Fig. Snapshot of a SNooPer output from the training phase. (A) General statistics 
including Kappa statistics (top) and the confusion matrix (bottom) obtained from a 10-fold 
cross validation training phase. (B) Receiver operating characteristics (left) and precision-





S2 Fig. Distribution of VAFs called by SNooPer (Model 1A), MuTect, JointSNVMix and 
Varscan2 on the test set. Selected somatic SNVs called by (A) SNooPer had to be flagged 
as ''PASS'' and to present a class probability >0.5. SNVs called by (B) MuTect had to be 
flagged as ''KEEP'' or present a somatic p-value <0.05 for (C) JointSNVMix and (D) 
Varscan2. In the histogram, bars represent probability densities (relative frequencies) of 
variants according to VAFs. Blue lines represent the kernel density estimates of true positive 
variants from the test set. 
 85 
2.10. Tables 
S1 Table. List of SNooPer's features and descriptions. 
 
As an example, the information gain (IG) of each feature was measured with respect to the 
class (InfoGainAttributeEval method, Weka suite [35]) for Model 1A and is indicated in the 
last column of the table. Features presenting the suffix ''vs_med'' were normalized using a 
median value calculated from variants randomly extracted from mpileups files. Features 
presenting the suffix ''vs_ref'' were evaluated with respect to reference bases at the same 




S2 Table. Childhood ALL patient clinical information. 
 
 
M: male; F: female; B: pre-B cell ALL; T: T-cell ALL; BM: bone marrow; WBC: white blood 
cell; NA: not applicable (missing data); (-): none. 
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2.11. Availability of data and materials 
The source code is free and available at https://sourceforge.net/projects/snooper/. The 
program package is released under the GNU General Public License version 3.0 (GPLv3). 
Support is also provided at http://www.somaticsnooper.com/ (Project home page). The 
datasets supporting the conclusions of this article are available in the GEO public functional 
genomics data repository (SuperSeries GSE78786). SNooPer is written in the Perl and uses 
a RF classifier implemented in Weka suite (3.6.10 or greater) which requires the Java 
Runtime Environment (1.5 or greater). Additional and optional filters require a Bedtools 
intersect function. ROC and PR curves are drawn using the R package 'pracma' (Practical 
Numerical Math Functions).  
 
Furthermore, trained models have been released to fulfill user needs. The community is also 
invited to develop and release their own models, which will allow opportunities to expand and 
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3.1. ARTICLE II - Whole-exome sequencing of a rare case of familial 
childhood acute lymphoblastic leukemia reveals putative 
predisposing mutations in Fanconi anemia genes 
 
3.1.1. Avant-propos 
Comme expliqué dans l'introduction de cette thèse (voir section 1.4.2.3: Facteurs de 
susceptibilité génétique), au cours des dernières années plusieurs projets de recherche ont 
été consacrés à l'étude de l'impact de l'héritage de variants rares ou communs sur la 
prédisposition à la LAL pédiatrique. Les associations identifiées suivaient généralement le 
modèle à 2 dimensions “fréquence allélique” vs. “importance de l'effet” (Figure XV): Les 
allèles à pénétrance fortes sont extrêmement rares mais entraînent un effet important tandis 
que les variants communs dans la population ne contribuent que par le biais d'effets réduits 
[142]. Si l'étude de larges populations par GWAS a permis de mettre en évidence plusieurs 
allèles communs influençant le risque de développement de la maladie, seuls les rares cas 
de leucémies familiales permettent un design expérimental adapté à la découverte de 
variants rares de pénétrance plus élevée. Nous présentons ici l'étude d'une de ces familles 
présentant deux frères non jumeaux ayant développé une LAL-B avec concordance du 
phénotype à quelques années d'intervalle. 
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Figure XV. Spectre allélique: fréquence vs. effet. La majeure partie des associations 
génétiques découvertes se trouvent entre les diagonales pointillées. Figure reproduite de 
Bush and Moore, 2012 [142]. 
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Acute lymphoblastic leukemia (ALL) is the most common pediatric cancer. While the multi-
step model of pediatric leukemogenesis suggests interplay between constitutional and 
somatic genomes, the role of inherited genetic variability remains largely undescribed. 
Nonsyndromic familial ALL, although extremely rare, provides the ideal setting to study 
inherited contributions to ALL. Toward this goal, we sequenced the exomes of a childhood 
ALL family consisting of mother, father and two non-twinned siblings diagnosed with 
concordant pre-B hyperdiploid ALL and previously shown to have inherited a rare form of 
PRDM9, a histone H3 methyltransferase involved in crossing-over at recombination 
hotspotsand Holliday junctions. We postulated that inheritance of additional rare 
disadvantaging variants in predisposing cancer genes could affect genomic stability and lead 
to increased risk of hyperdiploid ALL within this family. 
Methods 
Whole exomes were captured using Agilent's SureSelect kit and sequenced on the Life 
Technologies SOLiD System. We applied a data reduction strategy to identify candidate 
variants shared by both affected siblings. Under a recessive disease model, we focused on 
rare non-synonymous or frame-shift variants in leukemia predisposing pathways.  
Results 
Though the family was nonsyndromic, we identified a combination of rare variants in Fanconi 
anemia (FA) genes FANCP/SLX4 (compound heterozygote - rs137976282/rs79842542) and 
FANCA (rs61753269) and a rare homozygous variant in the Holliday junction resolvase 
GEN1 (rs16981869). These variants, predicted to affect protein function, were previously 
identified in familial breast cancer cases. Based on our in-house database of 369 childhood 
ALL exomes, the sibs were the only patients to carry this particularly rare combination and 
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only a single hyperdiploid patient was heterozygote at both FANCP/SLX4 positions, while no 
FANCA variant allele carriers were identified. FANCA is the most commonly mutated gene in 
FA and is essential for resolving DNA interstrand cross-links during replication. FANCP/SLX4 
and GEN1 are involved in the cleavage of Holliday junctions and their mutated forms, in 
combination with the rare allele of PRDM9, could alter Holliday junction resolution leading to 
nondisjunction of chromosomes and segregation defects. 
Conclusion 
Taken together, these results suggest that concomitant inheritance of rare variants in 
FANCA, FANCP/SLX4 and GEN1 on the specific genetic background of this familial case, 
could lead to increased genomic instability, hematopoietic dysfunction, and higher risk of 
childhood leukemia.  
 
Keywords 




ALL accounts for approximately 25% of all pediatric cancer cases, however its etiology 
remains elusive [1]. Direct evidence that childhood ALL has a genetic component is provided 
by the high risk of developing the disease associated with certain inherited cancer-
predisposing syndromes such as Bloom’s syndrome, Down syndrome, Fanconi anemia, 
neurofibromatosis and ataxia telangiectasia, however they account for a trivial proportion of 
cases (collectively <5%) [2]. A heritable basis for ALL outside these syndromes is largely 
undefined.Genome-wide association studies provided the first unambiguous evidence that 
common inherited genetic variation increases the risk of developing childhood ALL[3-6]. The 
identification of low-penetrance susceptibility alleles at 7p12.2 (IKZF1), 9p12 
(CDKN2A/CDKN2B), 10q21.2 (ARID5B) and 14q11.2 (CEBPE) in genes involved in 
transcriptional regulation and differentiation of B-lymphocyte progenitors, highlights the role of 
constitutional genetic predisposition in childhood ALL onset. Yet these loci only explain a 
small proportion of the familial risk associated with childhood ALL[7] suggesting that the 
underlying genetic architecture likely involves co-inheritance of multiple variants on a wide 
allelic spectrum with varying penetrance. While large population-based cohorts will be 
required to identify additional common ALL-predisposing variants, families with multiple non-
twinned ALL sibships, though extremely rare[8,9], represent ideal models to investigate the 
role of rare/private inherited genetic variation in disease etiology.  
Through a recent international collaborative effort to identify childhood ALL families, it was 
reported that ALL sibs exhibit high subtype concordance, likely explained by shared 
underlying genetic risk[8]. Here we report the case of a nonsyndromic pre-B childhood ALL 
family with two male non-twinned siblings diagnosed with hyperdiploid pre-B ALL. The 
prenatal origins of hyperdiploid childhood ALL and the need for additional postnatal mutations 
to drive overt leukemogenesisare well established [10]. The extent to which inherited genetic 
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variation contributes to the onset of hyperdiploid childhood ALL however is less clear. The 
sibs were previously shown to have maternally inherited a rare allelic form of PRDM9, a 
meiosis-specific histone H3 methyltransferase that was suggested to influence genomic 
instability in ALL by potentially controlling the location of genetic crossing-over at 
recombination hotspots[11] and at Holliday junctions[12]. Based on these data, we postulated 
that co-inheritance of additional rare disadvantaging DNA variants is likely required to explain 
this familial case of ALL, the identification of which could allow for better understanding of 
leukemogenesis and benefit a much broader childhood ALL population. Even though the 
family was otherwise asymptomatic, because the Fanconi anemia (FA) pathway is a well-
known leukemia predisposing disorder and FA-associated gene dysfunction has been linked 
to genomic instabilities, defects in Holliday junction resolution[13] and aneuploidy[14], we 
postulated that inherited rare disadvantaging DNA variants in FA cancer predisposing 
genes/pathway, in combination with PRDM9, could contribute to the chromosome instabilities 






This nonsyndromic pre-B childhood ALL family is of self-reported Moroccan origin (Figure 1); 
three unaffected sibs (2 females and 1 male) could not be ascertained. Family history 
includes death due to cancer of both maternal and paternal grandfathers, colon cancer at age 
69 and prostate cancer at age 65, respectively. A consanguineous marriage (first cousins) on 
the paternal side lead to multiple miscarriages and children with polymalformation syndrome, 
one of which died at 1 week. The probands were diagnosed with childhood ALL and were 
treated at the Sainte-Justine UHC (SJUHC) in Montreal, Quebec, but were otherwise healthy. 
 
Sibling A, a 2 year old male, had a white blood cell count (WBC) of 4.4 x 109/L, 14% and 
75.5% lymphoblast cells in the blood and bone marrow respectively, and a platelet count of 
315.0 x 109/L. Cytogenetic analysis revealed hyperdiploidy with the following karyotype: 
53,XY,+4,+6,+12,+15,+17,+18,+21, and fluorescent in situ hybridization (FISH) identified a 
germline inversion inv(2)(p11.2q13) that was also carried by the mother. This recurrent 
pericentric inversion is stably inherited without phenotypic or developmental consequences 
and likely has no clinical relevance[15]. Sib A was classified as standard risk and was 
enrolled on Dana Farber Cancer Institute (DFCI) ALL Consortium Protocol 95-01. He has 
been out of treatment for over 60 months with leukemia free-survival (LFS).  
 
Sibling B, a 14 year old male, was diagnosed three years later and was classified as high risk 
based on his age. He had a WBC of 6.2 x 109/L, 18% and 93% lymphoblast cells in the blood 
and bone marrow respectively, and a platelet count of 57.0 x 109/L. Cytogenetic analysis also 
revealed hyperdiploidy: 54,XY,+X,+5,+8,+10,+14,+17,+18,+21, yet Sib B did not carry his 
mother’s inv(2)(p11.2q13) inversion. Sib B was enrolled on DFCI-ALL protocol 2000-01 for 
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high-risk patients; he has responded well to treatment and is also over 60 months with LFS. 
 
3.1.5.2. Whole exome sequence capture and sequencing 
DNA was extracted from peripheral blood samples (obtained after remission) from the 
sibship, and from both parents using standard protocols as described previously[16]. Whole 
exomes were captured in solution with Agilent’s SureSelect Human All Exon 50Mb kits,and 
sequenced on the Life Technologies SOLiD System (sibship mean coverage =28.1X, parents 
mean coverage =19.4X). Reads were aligned to the hg19 reference genome using SOLiD 
LifeScope software (see Figure 2 for complete sequencing analysis workflow). PCR 
duplicates were removed using Picard[17]. Base quality score recalibration was performed 
using the Genome Analysis ToolKit (GATK)[18] and QC Failure reads were removed. 
Cleaned BAM files were used to create pileup files using SAMtools [19].  
 
3.1.5.3. Variant calling and annotation 
Single nucleotide variations (SNVs) and insertion and deletion (indels) were called from 
pileup files using SNooPer, an in-house variant caller that is based on a machine learning 
approach and developed to minimize false positive variant calling in low-depth sequencing 
data (manuscript submitted and software available upon request). Using this familial design, 
we were able to effectively incorporate parental sequence information to remove Mendelian 
inconsistencies, reduce false-positive sequencing and alignment errors, and facilitate the 
identification of candidate disease-predisposing variants shared by both affected siblings. 
Variant frequencies were assessed using 1000 Genomes [20] and NHLBI GO Exome 
Sequencing Project (ESP) [21] databases. ANNOVAR [22] was used for non-synonymous 
SNV annotation. The effect of non-synonymous variants on protein conformation and function 
was assessed using Sift [23], Polyphen2 [24] and functional analysis through hidden markov 
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models (Fathmm, version 2.3) [25]. Sift, Polyphen2 and Fathmm consider a variant as 
putatively damaging when it presents a score ≤0.05, ≥0.957 and <-1.5, respectively. SiPhy 
[26] was used to detect bases under selection using multiple alignment data from 29 mammal 
genomes; larger is the score, more conserved is the site. 
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3.1.6. Results and Discussion 
The sibs were diagnosed with nonsyndromic childhood ALL three years apart. We previously 
identified a rare PRDM9 allele segregating within the family [11]. PRDM9 is a histone H3 
methyltransferase involved in crossing-over at recombination hotspots and Holliday junctions. 
To further characterize the underlying inherited genetic contribution to this childhood ALL 
family in an unbiased manner, we performed whole exome sequencing of the siblings and 
both parents. Though the family was nonsyndromic and asymptomatic for FA, this recessive 
disorder is linked to hematopoietic dysfunction, chromosomal instability and increased 
susceptibility to childhood ALL. Based on the observed concordant hyperdiploid phenotype of 
both siblings, we postulated that inherited rare disadvantaging DNA variants in leukemia 
predisposing pathways like the FA pathway could affect overall genomic instability and, in 
combination with the rare allelic form of PRDM9, favour nondisjunction of chromosomes 
leading to increased risk of hyperdiploid pre-B ALL within this family. Under a recessive 
disease model, we interrogated our exome data and identified shared non-synonymous 
mutations that were either compound heterozygous or homozygous variant (Table 1) and 
specifically screened genes associated with the leukemia predisposing syndrome FA 
(FANCA, FANCB, FANCC, FANCD1/BRCA2, FANCD2, FANCE, FANCF, FANCG, FANCI, 
FANCJ, FANCL, FANCM, FANCN/PALB2, FANCO/RAD51C, FANCP/SLX4, FANCQ/XPF 
and FANCS/BRCA1). Among the identified variants, we identified a combination of missense 
variants in the FA gene FANCP/SLX4 (compound heterozygous at rs137976282 and 
rs79842542), corroborating the assumption of FA pathway destabilization (Figure 2). A more 
thorough investigation of the other FA pathway genes led then to the identification of a rare 
heterozygous variant in FANCA (rs61753269) that was also shared by the sibs. Although this 
variant was heterozygous, restricting the analysis to extremely rare variants allowed us to 
identify potentially deleterious non-synonymous variations in FA genes that could be 
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contributing to inherited susceptibility to ALL in the sibs. For FANCP/SLX4, both parents 
transmitted a putatively damaging allele to their affected offspring who were therefore 
compound heterozygous at rs137976282 (ESP and 1000 Genomes general population MAF 
<0.001) and rs79842542 (MAF =0.059 and 0.071 in 1000 Genomes and ESP general 
populations respectively). While two of the three in silico algorithms predicted that the 
compound heterozygous variants in FANCP/SLX4 were likely deleterious (Sift score =0 for 
both alleles and Polyphen2 score =1 and 0.964 for rs79842542 and rs137976282 
respectively), only Fathmm predicted rs61753269 in FANCA to be damaging (Fathmm score 
=-1.78) (Table 1). Nevertheless, the high conservation score at FANCA rs61753269 (SiPhy 
=12.742), combined with its extreme rarity in the population (MAF <0.001 in 1000 Genomes 
and ESP), suggest that this variant is under strong functional constraint and therefore could 
have a specific role on protein conformation. Although not a Fanconi anemia gene per se, our 
exome data also revealed a rare non-synonymous homozygous variant in GEN1 
(rs16981869, MAF =0.145394, ESP general population homozygous frequency q2 =0.025), 
that was predicted to be deleterious by all three algorithms. GEN1 is a member of the 
FANCP/SLX4 complex involved in Holliday junction resolution [27], and in conjunction with 
PRDM9 and the FA genes identified here, could be contributing to genomic instability in the 
sibs. Our in-house exome database of 369 individuals from our childhood ALL cohort (103 
patient-mother-father trios and 60 patients) from the QcALL cohort [28] (whole exome 
sequencing performed on Life Technologies SOLiD System or Illumina HiSeq 2500; data 
available upon request), revealed a single heterozygote patient at both FANCP/SLX4 
positions, 0/369 variant allele carriers at FANCA rs61753269 and 3/369 carriers of the 
homozygous allele at GEN1 rs16981869 (1 patient and 2 parents). Interestingly, the only 2 
other cases harbouring either both variants in FANCP/SLX4 or the homozygous variant in 
GEN1 were also diagnosed with hyperdiploid pre-B ALL, concordant with the sibship. Overall, 
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the sibs were the only two individuals who carried this particularly rare combination of 
damaging alleles at FANCA rs61753269, FANCP/SLX4 rs137976282, rs79842542 and GEN1 
rs16981869. 
 
Fanconi anemia is a recessive genetic disorder and most frequent cause of inherited bone 
marrow failure. To date, 17 FA genes have been identified and mutations within these genes 
have been shown to cause DNA repair defects leading to genomic instability and aneuploidy, 
characteristic of FA [29]. Given cumulative hematopoietic dysfunction and excess 
chromosomal instability, FA patients are at higher risk of developing hematopoietic 
malignancies including leukemia[30]. Interestingly, the rare variants FANCP/SLX4 
rs137976282 and FANCA rs61753269 have previously been identified in familial breast 
cancer cases [31-34], however their pathological effects in cancer predisposition remain 
unknown. FANCA, mutated in over 60% of FA cases, is an essential member of the FA core 
complex involved in monoubiquitination of the FANCI/D2 complex which in turn guides 
downstream activation of the DNA repair processes for resolving DNA interstrand cross-links 
during replication[35]. Mono-allelic deletion of FANCA has been suggested to promote 
genetic instabilities associated with acute myeloid leukemia[36]. FANCP/SLX4 on the other 
hand, is a downstream component of the FA pathway that codes for a Holliday junction 
resolvase. It acts as a docking platform for three structure-specific endonucleases XPF–
ERCC1, MUS81–EME1 and SLX1[37]. Recently identified as a FA gene, FANCP/SLX4 
modulates DNA repair and cellular responses to replication fork failure[38]. GEN1 codes for 
an endonuclease, and is a member of the FANCP/SLX4 complex [27] shown to play a role in 
the maintenance of centrosome integrity [39]. Along with PRDM9, GEN1 and the 
FANCP/SLX4 complex are involved in the definition of Holliday junction branch migration 
boundaries and the cleavage of static and migrating Holliday junctions [12,27,37]. Efficient 
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DNA damage repair and simultaneous regulation of cell cycle progression is critical for 
genomic stability. Interestingly, a rare recessive homozygous variant in GEN1 has been 
associated with bilateral breast cancer [40] and the depletion of GEN1 or FANCP/SLX4 in 
Bloom’s syndrome cells results in defects in chromosome condensation and severe 
chromosome abnormalities, such as nondisjunction of sister chromatids and abnormal mitosis 
leading to aneuploidy [41,42], highlighting their important role in maintaining genome stability. 
Thus, mutated FANCP/SLX4 and GEN1, in combination with the rare allele of PRDM9 also 
segregating within this family, could alter Holliday junction resolution leading to nondisjunction 
of chromosomes and segregation defects. 
 
While autosomal recessive FA patients are known to present with malformations [43], it has 
been reported that heterozygous carriers of a FA gene may be predisposed to some of the 
same congenital malformations or developmental abnormalities that are common among 
homozygotes [44]. Although the sibs had no apparent physical abnormalities, family history 
revealed a consanguineous marriage on the paternal side (Figure 1) resulting in multiple 
miscarriages and polymalformation syndrome in surviving offspring. Given that both rare 
FANCP/SLX4 rs137976282 and FANCA rs61753269 variants were paternally inherited we 
could hypothesize an underlying recessive disorder affecting the FA pathway; however this 
remains highly speculative without further genotype information on the extended family. 
Overall, these data support a functional role for the rare variants identified in FANCA, 
FANCP/SLX4 and GEN1 in disrupting the FA pathway and Holliday junction resolution, and 
as a result, they could lead to genomic instability and hematopoietic dysfunction, and 




Despite the fact that both siblings were asymptomatic and were not diagnosed with an ALL-
linked genetic disorder, the possibility of an underlying FA condition exists and an 
undiagnosed disorder, although rare, cannot be excluded. One may argue that pure, 
nonsyndromic ALL families are unlikely and that genetic interrogation of such families will 
ultimately reveal underlying inherited disorders associated with increased risk of ALL. Indeed, 
our results show that the study of familial or inherited forms of ALL can further our 
understanding of the genetic causes underlying more common, sporadic forms and shed light 
on otherwise asymptomatic genetic syndromes. 
 
Finally, though our rare variant analysis strongly suggests FANCP/SLX4 and FANCA as the 
most likely candidates, we cannot exclude the possibility that additional inherited genetic 
variants, rare or common, outside of the FA pathway could contribute to ALL onset within the 
family. For example, we identified common non-synonymous variants in PDE4DIP and 
CEP55 (Table 1). Though these centrosomal proteins have been involved in 
myeloproliferative disorder [45] and carcinogenesis [46] and could promote abnormal cell 
division and hyperdiploidy, as evidenced recently by Paulsson et al. [47], the identified 
variants had high MAFs and were predicted to have benign effects on protein function, 
making them unlikely candidates here. Furthermore, the sibs carry common ALL susceptibility 
alleles at known GWAS loci [3-6,28] (Table 2), that under an additive effects model could lead 
up to a 2- to 10-fold increase in risk [9]. Given the male-specific inheritance, we also looked 
for shared deleterious variants on the X chromosome but found no evidence of X-linked 
genes contributing to ALL in this family. The exomes of the siblings were also screened for 
shared de novo mutations that could result from gonadal mosaicism. Putative de novo events 
were defined as private mutations shared by both siblings, and therefore unknown in public 
databases, and showing no evidence of heritability from either parent, i.e. no reads 
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supporting the variation in the parental exomes considering a minimum coverage of 8X at the 
given position in the exome sequencing data. Although no candidate de novo mutation fitting 
our criteria was identified, the limited coverage of parental exomes may have hindered this 
analysis. The investigation of more complex genetic models including gene-gene and 




Nonsyndromic families with multiple non-twinned siblings diagnosed with childhood ALL are 
extremely rare but represent an interesting model to characterize the influence of inherited 
genetic burden on disease onset. This unique setting can also facilitate the identification of 
novel genes/pathways involved in driving the leukemic process and further our understanding 
of the mechanisms involved in childhood pre-B ALL and its subtypes. Here, we used next-
generation sequencing technologies to sequence the whole-exomes of a childhood ALL 
family consisting of mother, father and two male affected sibs. Both brothers were diagnosed 
with pre-B hyperdiploid childhood ALL and their similar clinical and molecular characteristics 
suggested shared etiologic factors. Though functional validation studies are required to 
substantiate the role of these variants in hyperdiploid pre-B childhood ALL, our data suggest 
that concomitant inheritance of rare variants in FA genes FANCA, FANCP/SLX4, in 
combination with rare mutations in the endonuclease GEN1 and the meiotic recombination 
gene PRDM9, could lead to increased DNA damage and genomic instability, and thus 
contribute to hyperdiploid leukemia predisposition. 
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Figure 1. Family pedigree. The family is of self-reported Moroccan origin and consists of five 
siblings, including two non-twinned brothers diagnosed with pre-B acute lymphoblastic 
leukemia (A and B) as well as two healthy females and one healthy male. Affected probands 
are represented by the shaded squares; cousins with poly-malformation syndrome are 
represented by half-shaded circles. Sequenced individuals are identified by an asterisk. 
 115 
 
Figure 2. Whole-exome sequencing analysis workflow. Boxes represent the 
analysis/cleaning steps. Cylinders represent the variant filtering steps used in the data 




Table 1. Non-synonymous homozygous variants and compound heterozygous shared 
by both childhood pre-B ALL siblings. 
Gene SNP ID Chr Position Ref Sibs Father Mother
rs79842542 16 3656625 GG AG AG GG
rs137976282 16 3658545 CC AC CC AC
rs75139274 10 95278683 GG AG AG GG
rs2293277 10 95279506 AA TA AA TA
rs140035206 17 7673930 AA GA GA AA
rs79350244 17 7734114 AA CA AA CA
 rs117465420 17 7734476 AA TA AA TA
rs78354379 17 7736480 TT AT AT TT
rs1778120 1 144879090 CC CT CT TT
rs1698683 1 144916676 CC TC CC TC
GEN1 rs16981869 2 17946243 AA GG GA GA
B3GALTL rs1041073 13 31891746 GG AA AG AG
CA9 rs2071676 9 35674053 AA AA AG AG
CHIT1 rs2297950 1 203194186 CC TT TC TC
CHRNB1 rs17856697 17 7348625 AA GG GA GA
ERBB2 rs1058808 17 37884037 CC GG GC GC









Gene AA change 1000g MAF ESP MAF / q
2
Sift Polyphen2 Fathmm SiPhy
R204C 0.0597045 0.071264 / - 0 1 3.49 12.895
G141W 0.000399361 0.00077 / - 0 0.964 5.2 7.273
R348K 0.0339457 0.074581 / - 0.19 0.214 2.05 11.439
H378L 0.559704 0.610257 / - 0.13 0.483 2.21 14.69
Y1385C 0.00219649 0.004075 / - 0 0.999 -0.15 15.101
I4023L 0.0127796 0.021913 / - 1 0.516 3.81 15.198
L4062F 0.0127796 0.021759 / - 0.02 0.411 3.06 8.222
V4357D 0.0467252 0.008073 / - 0.03 0.986 2.95 12.116
K1410E - 0.124712 / - 0.11 0.996 4.64 11.54
W626* - 0.321203 / - 0.16 NA 3.81 18.033
GEN1 N143S 0.127995 0.145394 / 0.025 0.03 0.812 -0.45 8.027
B3GALTL E370K 0.666733 0.65539 / 0.442 0.28 0.964 -1.92 7.087
CA9 V33L 0.323283 0.269107 / 0.560 0 0.815 -0.66 8.009
CHIT1 G102S 0.290935 0.285253 / 0.065 0 1 3.81 7.755
CHRNB1 E32G 0.120607 0.25585 / 0.052 0.08 0.772 -1.16 8.739
ERBB2 P1170A 0.452077 0.513532 / 0.278 0.03 0.953 -0.81 18.007









(-) represents missing or not relevant information. For these genes, either or both parents 
transmitted a putatively damaging allele to their affected offspring, who were therefore 
compound heterozygous or homozygous, respectively. Genotype calls are provided for each 
sample (Sibs, Father and Mother) along with corresponding amino acid (AA) changes. Minor 
allele frequencies (MAF) were derived from the 1000 Genomes (general population, updated 
in October 2014) and the NHLBI GO Exome Sequencing Project (general population, 
ESP6500). The frequencies of homozygous variants (q2) were obtained from ESP6500 and 
were presented when relevant. The putative effect of these substitutions on the protein 
function was assessed in silico using Sift (≤0.05) [23], Polyphen2 (≥0.957) [24] and Fathmm 
(<-1.5) [25]. SiPhy was used to identify bases under selection (larger is the score, more 
conserved is the site) [26]. 
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Table 2. Childhood ALL susceptibility loci genotyped in siblings A and B. 
 
Gene SNP ID Ref A B
rs7073837 CC - AA
rs10994982 GG GA AA
rs10740055 AA - CC
rs10821936 TT - CC
rs7089424 TT - GG
CEBPE rs2239633 CC CT TT
rs7809758 AA AG AG
rs880028 TT TC TC
rs3779084 TT TC TC
rs2242041 CC GG CG
rs6964823 GG GA GA
rs11978267 AA - AG
rs4132601 TT - TG
rs6944602 GG GG GG
OR2C3 rs1881797 TT TT -





(-) represents missing information 
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3.2. ARTICLE III - A novel somatic mutation in ACD induces telomere 
lengthening and apoptosis resistance in leukemia cells 
    
3.2.1. Avant-propos 
“Clinical applications of next-generation sequencing and associated methods are emerging 
from ongoing large-scale discovery projects that have catalogued hundreds of genes as 
having a role in cancer susceptibility, onset and progression. For example, discovery cancer 
genomics has confirmed that many of the same genes are altered by mutation, copy number 
gain or loss, or structural variation across multiple tumor types, resulting in a gain or loss of 
function that likely contributes to cancer development in these tissues. Beyond these 
frequently mutated genes, we now know there is a ‘long tail’ of less frequently mutated, but 
probably important, genes that play roles in cancer onset or progression.”  
       
- Elaine Mardis, Genome Medicine 2014 [98] 
 
Nous sommes également convaincus que limiter l'analyse des génomes tumoraux en 
retenant uniquement les gènes présentant une fréquence mutationnelle se détachant du 
background général nous conduirait à sous-estimer la complexité inhérente à ces génomes 
et à omettre l'existence de gènes ou de voies de signalisation dérégulés pourtant importants 
à l'échelle de la tumeur considérée. Toutefois, étant donné la complexité de caractérisation 
de ces évènements, nécessitant à la fois une analyse in silico orientée et des validations 
fonctionnelles confirmant leur potentiel driver, très peu d'études s'y sont intéressées. En 
conséquence, le nombre de drivers rares mis en évidence à ce jour reste très limité. Nous 
présentons ici une étude sous forme de preuve de concept ayant permis l'identification d'une 
de ces mutations. 
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The identification of oncogenic driver mutations has largely relied on the assumption that 
genes that exhibit more mutations than expected by chance are more likely to play an active 
role in tumorigenesis. Major cancer sequencing initiatives have therefore focused on 
recurrent mutations that are more likely to be drivers. However, in specific genetic contexts, 
low frequency mutations may also be capable of participating in oncogenic 
processes.Reliable strategies for identifying these rare or even patient-specific (private) 
mutations are needed in order to elucidate more personalized approaches to cancer 
diagnosis and treatment.  
Methods 
Here we performed whole-exome sequencing on three cases of childhood pre-B acute 
lymphoblastic leukemia (cALL), representing three cytogenetically-defined subgroups (high 
hyperdiploid, t(12;21) translocation, and cytogenetically normal). We applied a data reduction 
strategy to identify both common and rare/private somatic events with high functional 
potential. Top-ranked candidate mutations were subsequently validated at high sequencing 
depth on an independent platform and in vitro expression assays were performed to evaluate 
the impact of identified mutations on cell growth and survival.  
Results 
We identified 6 putatively damaging non-synonymous somatic mutations among the three 
cALL patients. Three of these mutations were well-characterized common cALL mutations 
involved in constitutive activation of the mitogen-activated protein kinase pathway (FLT3 
p.D835Y, NRAS p.G13D, BRAF p.G466A). The remaining three patient-specific mutations 
(ACD p.G223V, DOT1L p.V114F, HCFC1 p.Y103H) were novel mutations previously 
undescribed in public cancer databases. Cytotoxicity assays demonstrated a protective effect 
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of the ACD p.G223V mutation against apoptosis in leukemia cells. ACD plays a key role in 
protecting telomeres and recruiting telomerase. Using a telomere restriction fragment assay, 
we also showed that this novel mutation in ACD leads to increased telomere length in 
leukemia cells.  
Conclusion 
This study identified ACD as a novel gene involved in cALL and points to a functional role for 
ACD in enhancing leukemia cell survival. These results highlight the importance of 










Childhood acute lymphoblastic leukemia is a heterogeneous disease both biologically and 
clinically, and is the leading cause of cancer-related deaths among children. Despite 
significant advances in our understanding of the pathobiology of cALL leading to risk-based 
treatment regimens and increased survival rates, the etiological causes of this disease 
remain elusive. Approximately 75% of pre-B cALL cases exhibit hyperdiploidy or a recurring 
gross chromosomal rearrangement, detection of which is central to disease diagnosis, risk 
stratification and management [1]. While these chromosomal alterations play an important 
role in driving the leukemic process by affecting molecular pathways that halt lymphoid 
progenitor cell differentiation and promote cell proliferation and survival, they are not sufficient 
for leukemic transformation and are often detected years before leukemia onset. This 
suggests a need for additional cooperating events in order to achieve overt leukemogenesis 
[2]. Thorough investigation of cALL genomes is crucial to better understand the underlying 
genomic complexity of this disease and thus better diagnose and treat it. Toward these goals, 
recent large-scale sequencing efforts revealedmany somatic driver mutations/genes 
recurrently mutated in cALL [1]. The identification of these high frequency driver mutations is 
essential to better understand disease etiology and characterize prognostic subgroups. Yet 
accumulating evidence has also shown that low-frequency mutations within a cancer type can 
contribute to onset and progression of the disease [3], and play a role in intra-tumor and inter-
patient heterogeneity. The identification of patient-specific mutations could provide crucial 
information regarding molecular pathways underlying cALL tumorigenesis and thus point to 
new therapeutic avenues. Here, we performed whole-exome sequencing of 3 pre-B cALL 
cases. Case 1 was diagnosed with high hyperdiploiy (>50 chromosome) cALL and Case 2 
harboured the t(12;21) (ETV6-RUNX1) translocation. Together these two molecularly defined 
subgroups represent over 40% of cALL cases. Case 3 was cytogenetically normal at 
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diagnosis. Using a unique quartet design, we sequenced matched normal (blood following 
remission) and tumor (bone marrow at diagnosis) patient samples, and the parents of each 
case. We successfully identified known recurrent drivers, as well as novel patient-specific 
somatic mutations with high functional potential. Using in vitro assays, we showed that the 
private p.G223V mutation, adjacent to the TEL patch of the telomere protein ACD (also 
known as TPP1), leads to apoptosis resistance and may contribute to leukemia cell survival 






All study subjects were self-declared French-Canadians of European descent from the 
established Quebec cALL (QcALL) cohort [4].The Sainte-Justine UHC Research Ethics Board 
approved the protocol. Written informed consent was obtained from the participants for 
publication of this report and any accompanying images. A copy of the written consent is 
available for review by the Editor of this journal. 
Case 1, a 10 year old male, was classified as high risk based on his age. He presented with a 
platelet count of 15.0 x 109/L, a white blood cell count (WBC) of 9.0 x 109/L, and 63% and 
97% lymphoblast cells in the blood and bone marrow samples respectively. The cytogenetic 
analysis revealed high hyperdiploidy (karyotype: 53,XY,+3,+4,+6,+10,+14,+17,+18). He was 
enrolled on the Dana Farber Cancer Institute (DFCI) ALL Consortium protocol 95-01. He 
achieved complete remission and has been out of treatment for over 60 months with 
leukemia free-survival (LFS). 
Case 2 was a 4 year old female with a platelet count of 35.0 x 109/L, a WBC of 33.1 x 109/L, 
and 75% and 96% lymphoblast cells in the blood and bone marrow samples respectively. 
Cytogenetic analysis revealed a t(12;21) translocation. Despite her karyotype, usually 
associated with a good prognostic, she was classified as high risk based on the presence of 
leukemiacells in the cerebrospinal fluid. She was enrolled on DFCI/ALL Consortium protocol 
2000-01. She also achieved complete remission and has been out of treatment for over 60 
months with LFS. 
Case 3 was a 6 year-old male with a WBC of 183.1 x 109/L, a platelet count of 29.0 x 109/L, 
87% and 95% lymphoblast cells in the blood and bone marrow samples respectively, and 
presented with a normal karyotype according to the cytogenetic analysis. The patient was 
classified as high risk based on hyperleukocytosis and was treated on DFCI/ALL Consortium 
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Protocol 2000-01. Case 3 experienced a first relapse 41 months post diagnosis, and following 
2 subsequent relapses he died 73 months post diagnosis.  
 
3.2.5.2. Whole exome sequence capture and sequencing 
DNA was extracted from bone marrow samples (at diagnosis) and peripheral blood samples 
(obtained after remission) from the cases and their parents using standard protocols as 
described previously [5].Whole exomes were captured in solution with Agilent’s SureSelect 
Human All Exon 50Mb kits for SOLiD sequencing (Life Technologies) according to the 
manufacturer’s protocol, were sequenced on the Life Technologies SOLiD System (mean 
coverage =32X) and aligned to the Hg19 reference genome using LifeScope Genomic 
Analysis Software (see Figure 1 for complete sequencing analysis workflow). Polymerase 
chain reaction (PCR) duplicates were removed using Picard [6]. Base quality score 
recalibration was performed using the Genome Analysis ToolKit (GATK) [7] and reads that 
failed the quality control were removed. Cleaned BAM files were used to create pileup files 
using SAMtools [8]. Somatic single nucleotide variants (SNVs) were called from pileup files 
using SNooPer, an in-house variant caller that is based on a machine learning approach that 
integrates tumoral and normal data and that was specifically trained for optimal identification 
of somatic mutations in our low-depth SOLiD sequencing data (manuscript submitted and 
software available upon request). Furthermore, using the familial design, we were able to use 
parental sequence information to remove Mendelian inconsistencies, reduce false-positive 
sequencing and alignment errors and facilitate somatic variant identification. The robustness 
of this approach was further demonstrated using high-depth sequencing on an independent 
platform to confirm top-ranked somatic mutations (see below). Resulting somatic SNVs were 
queried against publically available datasets such as 1000 Genomes [9] and NHLBI GO 
Exome Sequencing Project (ESP) [10] to filter out common polymorphism eventually 
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remaining (minor allele frequency >0.01). 
 
3.2.5.3. Expression data filter 
Publically available microarray expression data [11] were used to filter variants based on the 
assumption that expressed genes are more likely to carry functionally relevant mutations [12]. 
Mutated genes identified from each case were compared to the expression profiles of the 
corresponding cALL subgroup (hyperdiploidy, t(12;21), or “others”) and only expressed genes 
were subsequently retained in the somatic variant analysis. 
 
3.2.5.4. Ultra-deep targeted re-sequencing 
Top-ranked rare/private candidate mutations, as well as common somatic mutations identified 
in the pre-B cALL cases were validated on the Ion Torrent system. Selected variant regions 
(~125pb flanking the identified somatic mutation) were amplified and PCR products were 
sequenced on the Ion PGM Sequencer (Life Technologies) according to the manufacturer’s 
protocol with a mean coverage >1,800X. Primer sequences and PCR protocols are available 
upon request. 
 
3.2.5.5. Site-directed mutagenesis and apoptosis assay 
Identified mutations were introduced by site-directed mutagenesis into the complementary 
DNA (cDNA) sequence of each gene cloned into a pDONR221 vector. Using the pLenti-CMV-
DEST Gateway Vector (w118-1), we subcloned the wild-type (WT) or mutant coding 
sequences and generated lentiviruses using a Third Generation Packaging System in 293T 
cells. Lentiviral particles were then harvested and used to infect Nalm-6 (human leukemia 
pre-B cells) with 8ug/mL polybrene. Infected cells were selected with puromycin 1 μg/μL, 
seeded at 5x105 cells/mL in their culture medium and treated with 5 μM of camptothecin for 
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3h. Apoptosis was measured using conventional Annexin V/Propidium iodide (PI) staining 
and quantified by flow cytometry (BD Biosciences FACS Fortessa). All experiments were 
done in triplicate. 
 
3.2.5.6. Telomere restriction fragment (TRF) assay 
Parental Nalm-6 cells and Nalm-6 cells overexpressing mutant ACD p.G223V (Nalm-6 ACD 
G223V), the wild-type ACD (Nalm-6 ACD WT) or Nalm-6 cells infected with the empty vector 
alone (Nalm-6 pLENTI) were used for TRF assays. For each cell line, extracted DNA at 
passage 16 (p16) (population doublings ≈50) and p27 (population doublings ≈80) after 
selection was digested with HinfI and RsaI restriction enzymes and fractionated on an 
electrophoresis gel apparatus. After drying, the gel was hybridized with a [γ -32P] adenosine 
triphosphate (ATP)end-labelled (T2AG3)3 probe and exposed on X-ray film. Mean TRF 





3.2.6. Results and Discussion 
Assuming that functionally important genes can also be mutated more rarely and in specific 
tumor contexts, we performed whole-exome sequencing of three pre-B cALL patients and 
their parents and applied a data reduction strategy to identify both common and novel 
rare/private events with high functional potential (Figure 1). SNVs were queried against public 
databases, annotated using ANNOVAR [14], and were binned according to frequency and 
function (Methods). Non-synonymous mutations that were expressed in cALL subgroups 
(based on microarray cALL expression data [11]) were then filtered based on a CONsensus 
DELeteriousness score >0.6 (measure of the degree of coherence of individual methods 
about the likelihood that a SNV is deleterious) [15]. This led to the identification of 6 
expressed damaging non-synonymous somatic mutations among the 3 patients (FLT3 
p.D835Y, NRAS p.G13D, BRAF p.G466A, ACD p.G223V, DOT1L p.V114F, HCFC1 
p.Y103H) (Table1) that were subsequently confirmed using targeted ultra-deep re-
sequencing (mean coverage >1800X). Among these 6 somatic SNVs, FLT3 p.D835Y, NRAS 
p.G13D and BRAF p.G466A were referenced in the Catalogue Of Somatic Mutations In 
Cancer (COSMIC) database (v71) and previously shown to constitutively activate the 
mitogen-activated protein kinase (MAPK) pathway and to increase tumor proliferation [16-19]. 
The identification of previously reported driver mutations validates the robustness of our 
approach. The NRAS p.G13D gain of function mutation was identified in Case 1, which 
corroborates previous studies that report postnatal RAS activating mutations in ~30% of pre-
B hyperdiploid cALL patients [20]. The BRAF p.G466A mutation identified in Case 2 is 
associated with a mild increase of ERK activation [21]. While mutations in BRAF are identified 
in almost 70% of patients with multiple myeloma [17], screening of childhood pre-B cohorts 
only identified a few cases harbouring these events [22]. Although alterations of the receptor 
tyrosine kinase FLT3 are frequent in hyperdiploid cALL and rare in other subtypes [23], FLT3 
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p.D835Y was identified in the cytogenetically normal Case 3.While Case 3 suffered a relapse 
and activated forms of FLT3 are usually associated with a poor outcome in acute myeloid 
leukemia patients [24], this association is not confirmed in cALL [25].  
 
Our sequencing analysis pipeline also led to the identification of three candidate novel 
pathogenic mutations in Cases 1 and 2 (DOT1L p.V114F, HCFC1 p.Y103H, ACD p.G223V), 
that were neither previously reported nor referenced in public databases. Based on our strict 
filtering criteria, no private mutations were identified in Case 3. DOT1L is a histone writer and 
HCFC1 is a broad transcription regulator that plays a critical role in cell proliferation via its 
involvement in chromatin-modifying activities [26]. These results are consistent with recent 
cancer sequencing initiatives that highlighted the important role of chromatin remodeling 
genes in leukemogenesis [27]. Furthermore, DOT1L has recently been implicated in the 
development of MLL-rearranged leukemia and shown to be essential for leukemic 
transformation [28]. On the other hand, ACD is a core protein in the shelterin complex and 
mediates the access of telomerase to the telomere. It is essential for telomere homeostasis in 
hematopoietic stem and progenitor cell particularly [29,30]. 
 
The high variant allele frequency (VAF) of these rare/private mutations (DOT1L, VAF =0.46; 
HCFC1, VAF =0.51; ACD, VAF =0.51), calculated based on our ultra-deep targeted re-
sequencing data (Table 1), was indicative of early clonal selection supporting a possible 
functional role in leukemia development.Functional validation of the ACD p.G223V mutation 
(Figure 2A) was further pursued using in vitro expression assays, however our in vitro 
lentiviral expression system did not permit functional characterization of neither DOT1L nor 
HCFC1, due to the size of the open reading frames (ORFs) (4.6kb and 6.1kb, respectively) 
that were beyond the viral packaging capacity of the capside [31]. Further investigation of 
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these two novel mutations using alternative functional screening methods is ongoing. In vitro 
expression assays of ACD using the topoisomerase I inhibitor camptothecin, showed that 
leukemic cells overexpressing mutant p.G223V ACD (Nalm-6 ACD G223V) exhibit lower 
levels of apoptosis compared with cells overexpressing wild-type ACD (Nalm-6 ACD WT) (P 
=0.014, Mann-Whitney U test) and the empty vector (Nalm-6 pLenti) (P =0.014, Mann-
Whitney U test) (Figure 2B). The p.G223V mutation is adjacent to the TEL patch in the 
oligonucleotide/oligosaccharide-binding (OB) fold domain of ACD that interacts directly with 
the catalytic subunit of telomerase. Within the shelterin complex, ACD was specifically shown 
to interact with POT1 to protect telomeres and recruit telomerase at chromosome ends [32-
34]. Interestingly, recurrent somatic mutations in the OB domains of POT1 have been shown 
to cause telomere dysfunction in chronic lymphocytic leukemia suggesting that alteration of 
shelterin-mediated protein-telomere binding could lead to genomic instability and cancer [35]. 
Furthermore, very recently, germline mutations in the POT1 binding domain and the TEL 
patch of ACD were respectively associated with familial melanomas and bone marrow failure 
disorders [36-38] (Figure 2A). Although further studies are needed to decipher the underlying 
molecular mechanisms implicating ACD in apoptosis inhibition, taken together, these data 
strongly support a role for ACD p.G223V in promoting leukemic cell maintenance. 
 
To further investigate the effect of p.G223V mutant ACD on telomere structure, we performed 
a TRF assay (Figure 2C) and showed that decreased apoptosis correlates with increased 
telomere length in Nalm-6 ACD G223V at both tested passages compared to Nalm-6 ACD 
WT and Nalm-6 pLenti (P =0.029, Mann-Whitney U test), confirming stable alteration of 
telomere homeostasis. ACD mutant induced telomere elongation in leukemia cells is 
consistent with reports demonstrating disrupted shelterin complex function and telomere 
lengthening due to mutations in POT1 in chronic lymphocytic leukemia [35,39]. Furthermore, 
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as observed for POT1 at the same population doubling point [35], overexpression of WT ACD 
did not increase telomere length (Figure 2C), confirming that the observed telomere 
lengthening is due to the p.G223V mutation and not caused by global overexpression of 
ACD. Concomitant lengthening of the telomeres and decreased apoptosis levels in NALM-6 
ACD G223V following camptothecin treatment corroborates previous findings that altered 
telomerase activity can lead to hypersensitivity of tumor cells to topoisomerase inhibitors 
[40,41]. Further investigation is required to characterize the influence of the p.G223V 
mutation on the recruitment and processivity of telomerase and on telomere-length 
regulation. Missense or frameshift mutations in ACD, many of which are located in the OB 
fold, adjacent to the TEL patch, and in the POT1 interaction domain, have been described in 
multiple cancer types (Supplementary Table ST1) with the highest prevalence found in 
melanoma (2.7%), suggesting that ACD mutations may participate in a common underlying 
cancer-promoting pathway that involves telomere dysfunction. Case 1 who carries the ACD 
p.G223V mutation had high hyperdiploid cALL and although telomere dysfunction can cause 
chromosome destabilization and aneuploidy [42,43], it is unlikely that this mutation precluded 
the mitotic event producing the hyperdiploid phenotype. However, our results do support a 
role for ACD p.G223V in the earlier stages of clonal expansion contributing to telomere 
maintenance and apoptosis resistance, at least in vitro. Further investigation is required in 






The prenatal origins of cALLs are well established, along with the need for additional 
postnatal mutations in order to drive overt leukemogenesis [44,45]. The extent to which 
rare/private genetic events contribute to the onset and progression of cALL however is largely 
unknown. Through whole-exome sequencing of 3 cALL cases, we successfully identified not 
only common drivers (NRAS p.G13D, FLT3 p.D835Y, and BRAF p.G466A), but also 
rare/private somatic mutations (DOT1L p.V114F, HCFC1 p.Y103H, ACD p.G223V), in well-
characterized cALL molecular subgroups. The identification of patient-specific events with a 
functional potential is not surprising and further confirms the underlying genetic complexity of 
this disease. We went on to demonstrate the functional impact of ACD p.G223V on apoptosis 
resistance and telomere-length regulation in pre-B ALL cells. The high VAF of this somatic 
mutation suggests that it is likely present in the major subclone; while this does not 
necessarily imply functionality, it does support an early role for ACD p.G223V in driving the 
leukemic process. Though further investigation is needed to fully characterize the influence of 
the identified mutation on telomere homeostasis, this study is the first to describe the 
functional implications of a somatic mutation in ACD on leukemic cell behaviour, supporting a 
role for ACD and telomere regulation in leukemia cell resistance to apoptosis. In conclusion, 
these results support the need of thorough investigation of rare/private mutations to reveal 
the underlying complexity of cALL landscapes, including within well-characterized subgroups, 






Figure 1. Whole-exome sequencing analysis workflow. Boxes represent the 
analysis/cleaning steps. Cylinders represent the SNV filtering steps used in the data 
reduction strategy to identify functional somatic mutations. The number of variations 
remaining after each step is shown in brackets. Note that only SNVs that passed a given filter 
were tested for in the subsequent step. Using public databases and variant annotation tools, 
we identified 6 top-ranked mutations among the pre-B cALL patients, including 3 SNVs 
referenced in COSMIC v71 and 3 candidate rare/private SNVs in ACD (p.G223V), DOT1L 




Figure 2. ACD p.G223V protects from camptothecin-induced apoptosis and increases 
telomere length. (A) Schematic representation of the ACD protein. The p.G223V mutation, 
depicted in black, is adjacent to the TEL patch of the OB-fold domain involved in telomerase 
recruitment and composed of seven critical amino acids located in a region defined by the 
curly bracket (E168, E169, E171, R180, L183, L212 and E215) [32]. p.Q320X, p.P491T and 
p.K170del, depicted in grey, are three germline mutations recently identified and associated 
with familial melanomas and bone marrow failure disorders [36-38]. TPP1C corresponds to 
the TIN2-binding domain. Together, the OB (oligonucleotide/oligosaccharide-binding) and 
PBD (POT1 binding domain) domains form the ACDN domain necessary for POT1 binding to 
telomeric DNA and the stimulation of telomerase processivity. (B) In vitro apoptosis assays 
show overall reduced levels of apoptosis associated with ACD p.G223V. The c.659g>t 
mutation was introduced into the ACD transgene by site-directed mutagenesis and expressed 
in Nalm-6 cells. The graph shows annexin V/PI staining for 3h on Nalm-6 pLenti (empty 
vector), Nalm-6 ACD WT and Nalm-6 ACD G223V cells. (C)The telomere restriction fragment 
assay (TRF) showed a quantitative increase in telomere size for Nalm-6 ACD G223V cells at 
passage 16 (p16) and p27 after selection. Mean TRF length = ∑ (ODi)/∑ (ODi/Li) where ODi 
is the radioactive signal, Li is the TRF fragment length at position i. The bar chart of Figure 
2C (bottom) represents the mean TRF length for each condition directly quantified from each 
corresponding lane of the TRF gel presented at the top of Figure 2C. Significance (in B and 
C) was determined by a Mann-Whitney U test; p-values <0.05 are represented by an asterisk. 
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3.2.9. Tables 
Table1. Candidate somatic mutations identified in each patient. 
Patient Subgroup Gene Genomic change Protein change Class VAF COSMIC v71
NRAS g.chr1:115258744C>T p.G13D Missense 0.48 Haematopoietic and Lymphoid tissue
TPP1/ACD g.chr16:67693443C>A p.G223V Missense 0.51 -
BRAF g.chr7:140481411C>G p.G466A Missense 0.15 Thyroid
HCFC1 g.chrX:153230064A>G p.Y103H Missense 0.51 -





g.chr19:2191086G>T p.V114F Missense 0.46 -DOT1L
 
 
Variant allele frequencies (VAF) (number of supporting reads/coverage) were calculated 
based on ultra-deep targeted re-sequencing data (mean coverage >1800X). Only tissue types 
harbouring the highest occurrence of the mutation in the COSMIC database (v71) are 




S1 Table. Non-synonymous and frameshift mutations in TPP1 referenced in the public 
cancer database COSMIC version 71. 
 
CDS change Protein change COSMIC v71 ID Count Class Domain
c.79G>A p.G27R COSM3670197 1 Missense -
c.100C>T p.R34* COSM1519517 1 Nonsense -
c.125C>T p.A42V COSM4141846 1 Missense -
c.151C>T p.L51F COSM3511076 3 Missense -
c.154C>A p.L52I COSM972546 2 Missense -
c.167C>T p.P56L COSM3888782 1 Missense -
c.181C>T p.P61S COSM141471 2 Missense -
c.184C>T p.L62F COSM135719 2 Missense -
c.187C>T p.P63S COSM3888781 1 Missense -
c.188C>T p.P63L COSM3511075 1 Missense -
c.221A>G p.N74S COSM4061942 1 Missense -
c.229C>G p.P77A COSM1479001 1 Missense -
c.257G>T p.G86V COSM4061941 1 Missense -
c.283C>G p.L95V COSM119718 1 Missense OB 
c.294G>A p.W98* COSM703839 1 Nonsense OB 
c.335C>T p.P112L COSM3511074 1 Missense OB 
c.505T>G p.F169V COSM3932389 1 Missense OB 
c.559C>T p.H187Y COSM140768 1 Missense OB 
c.562G>A p.V188I COSM972544 1 Missense OB 
c.739G>A p.A247T COSM1302137 1 Missense PBD 
c.794A>G p.Q265R COSM4061939 1 Missense PBD 
c.865delC p.H289fs*30 COSM972542 1 Frameshift PBD 
c.866A>G p.H289R COSM3370509 1 Missense PBD 
c.1054C>A p.P352T COSM3511073 1 Missense TPP1C 
c.1066C>A p.P356T COSM417319 1 Missense TPP1C 
c.1096G>A p.G366S COSM4061938 1 Missense TPP1C 
c.1109_1110CC>TT p.S370F COSM143470 1 Missense TPP1C 
c.1141C>T p.P381S COSM972540 1 Missense TPP1C 
c.1208G>A p.C403Y COSM1378975 1 Missense TPP1C 
c.1214C>T p.A405V COSM471951 1 Missense TPP1C 
c.1231C>A p.P411T COSM349226 1 Missense TPP1C 
c.1244A>C p.H415P COSM3932388 1 Missense TPP1C 
c.1253G>A p.R418H COSM1378974 1 Missense TPP1C 
c.1286C>T p.P429L COSM3511072 1 Missense TPP1C 
c.1301G>A p.R434H COSM1740245 1 Missense TPP1C 
c.1337C>T p.T446I COSM1749706 2 Missense TPP1C 
c.1396C>T p.R466W COSM1378973 1 Missense TPP1C 
c.1399C>T p.P467S COSM4061937 1 Missense TPP1C 
c.1400C>T p.P467L COSM1378972 1 Missense TPP1C 
c.1430G>A p.G477E COSM417320 1 Missense TPP1C 
c.1455G>T p.W485C COSM4061936 1 Missense TPP1C 
c.1474C>T p.R492C COSM1644358 1 Missense TPP1C 
c.1603G>T p.G535W COSM972538 1 Missense TPP1C  
 
TPP1C: TIN2-binding domain; OB: oligonucleotide/oligosaccharide-binding; PBD: POT1 
binding domain. 
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3.3. Le paysage génomique de la LAL-B pédiatrique 
Au cours de cette thèse, j'ai également eu l'occasion d'analyser les données de séquençage 
d'exome de plus de 150 patients LAL-B provenant de la cohorte QcALL du CHU Sainte-
Justine (Life Technologies SOLiD 4/5500 System, paired-end: 50x35pb, moyenne de 
profondeur de couverture dans la région ciblée: 35X). Les données brutes ont été nettoyées 
et préparées comme indiqué dans l'article précédent. Une série de mutations somatiques 
(SNVs et indels) ont été identifiées par SNooPer et validées par re-séquençage ciblé 
(Illumina TruSeq Custom Amplicon assay séquencé sur HiSeq2500 device, paired-end: 
2x100pb, moyenne de profondeur de couverture: 2,500X). Des gènes drivers communs 
comme KRAS, NRAS, FLT3, CREBBP ou WHSC1 ont été identifiés comme fréquemment 
mutés au sein de notre cohorte. Nous avons également identifié une série de gènes mutés 
chez un nombre limité de patients, voire chez un seul d'entre eux, mais présentant comme 
ACD un potentiel fonctionnel. 
 
Afin de prioriser sans à priori les gènes identifiés (par exemple, sans considérer les 
fréquences mutationnelles au sein de la cohorte), nous avons réalisé un criblage haut-débit 
“perte de fonction” par l'utilisation d'ARNi (ARN interférence) ciblant ces gènes. Cette 
approche a déjà été utilisée avec succés afin de caractériser fonctionnellement et à large 
échelle une série de lignées cellulaires cancéreuses (http://www.broadinstitute.org/achilles) 
[143,144]. Afin de construire notre pool de shARNs lentiviraux (ARNs en épingle à cheveux), 
nous avons sélectionné 5 shARNs par gène au sein de la librairie MISSION (The RNAi 
Consortium) pour un total d'environ 1,000 clones shARN ciblant un peu moins de 200 gènes 
candidats et contrôles. Les criblages ont ensuite été réalisés dans 2 lignées cellulaires LAL 
pré-B bien caractérisées (697 et Nalm-6) ainsi que dans la lignée cellulaire lymphoblastoïde 
humaine (GM12878). Les cellules en cultures ont été récoltées à intervalles réguliers: 24h 
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post-transfection et 24h après la sélection à la puromycine (T0), ainsi que tous les 6 jours 
ensuite (T6, T12). À chaque temps, l'ADN génomique des cellules récoltées était extrait. 
Nous avons mesuré l'enrichissement ou la déplétion des clones shARNs afin d'identifier les 
gènes suppresseurs de tumeur (ceux dont la réduction d'expression apporte un avantage 
sélectif) ou les oncogènes (ceux dont la réduction d'expression entraîne un désavantage). 
Pour ce faire, les inserts shARNs ont été amplifiés par PCR depuis l'ADN génomique en 
utilisant des primers universels entourant leurs séquences. Les produits de PCR ont ensuite 
été séquencés (>1000X) sur Illumina HiSeq2500 et les reads générées ont été alignées sur 
les séquences de shARNs. Le ratio Tf:T0 du compte de reads normalisé a été mesuré pour 
chaque shARN (Figure XVI), Tf (T final) étant T12 ici. Les shARNs présentant des ratios 
s'éloignant de plus de 2 déviations standards au-dessus et en-dessous du ratio moyen ont 
été considérés comme ciblant des suppresseurs de tumeur et des oncogènes, 
respectivement (Figure XVI, Tableau V). Les gènes ont été priorisés en fonction du nombre 
de shARNs significatifs provoquant le même effet. Ces résultats préliminaires montrent que le 
knockdown d'ACD entraîne un avantage sélectif suffisamment important pour que celui-ci soit 
considéré comme suppresseur de tumeur potentiel au sein des lignées cellulaires 697 et  
GM12878. Bien que non significatif à Tf dans les cellules Nalm-6, le knockdown d'ACD 
entraîne également un avantage sélectif qui pourrait devenir significatif dans le cadre d'une 
prolongation de l'expérience. Ces données confirment les résultats présentés dans le 
manuscrit précédent (A novel somatic mutation in ACD induces telomere lengthening and 
apoptosis resistance in leukemia cells) et supportent l'importance des drivers rares dans le 
processus leucémogène. Les cribles présentés, ainsi que certains des candidats identifiés, 
























Figure XVI. Criblage fonctionnel shARNs. Représentations ordonnées du ratio Tf:To 
obtenu pour chaque shARN dans les lignées cellulaires (A) GM12878, (B) 697 et (C) Nalm-6. 
Les lignes pointillées sont tracées au niveau des valeurs correspondant à la moyenne des 
ratios Tf:To +/- 2 déviations standards. Les shARNs au-delà de ces valeurs sont considérés 
comme des oncogènes (rouge) ou suppresseurs de tumeur (bleu) putatifs. KRAS et WHSC1 





Tableau V. Oncogènes et suppresseurs de tumeur putatifs. 
 
GM12878 697 Nalm6 GM12878 697 Nalm6
ACACA BCAP31 DDX52 ACD ACD ACACA
ASB13 C2orf16 DIAPH3 C2orf16 ALDH1B1 ALDH1B1
CALM1 CALM1 FBXW7 KDM2A C2orf16 PKP2
CTCF CTCF HEY2 MIA3 PDF WHSC1
KRAS DDX52 KDM2A PDF PTGDR
NPNT FLT3 KRAS STAT3 WHSC1
PKP2 KDM2A MED15 TFAP2D
SFXN3 KRAS MIA3 UMODL1
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4.1. Avant-propos 
Jusque récemment, la LAL-T était associée à un taux de survie significativement plus faible 
que son pendant touchant la lignée lymphocytaire B. L’utilisation d’une chimiothérapie 
intensive a permis d’améliorer drastiquement le nombre de rémission. Toutefois, la LAL-T 
souffre encore d’une caractérisation insuffisante et les patients atteints présentent toujours un 
risque important de se montrer réfractaires aux traitements classiques, de subir des rechutes 
précoces ou une atteinte du système nerveux central [145]. Ceci est particulièrement vrai 
pour les formes présentant des lymphoblastes bloqués aux stades les plus précoces de 
différenciation. D’ailleurs, très récemment, un nouveau groupe appelé ETP-ALL (Early T-cell 
Precursor ALL) et associé à un risque particulièrement élevé, a été identifié. Les rares 
patients appartenant à ce groupe présentent des cellules bloquées à un stade si précoce 
qu’elles s'apparentent à des cellules souches hématopoïétiques, voire à des progéniteurs 
myéloïdes [146]. 
 
Pour améliorer à terme la prise en charge des patients, un effort de caractérisation 
génomique en profondeur des différents groupes de LAL-T, incluant les ETP-ALLs, est 
nécessaire afin de recenser l’ensemble des événements somatiques, rares ou récurrents, 
participant au développement ou à la progression de la maladie. Nous avons tenté d’y 
contribuer en menant les travaux qui composent l’article IV de cette thèse. 
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T-cell acute lymphoblastic leukemia (T-ALL) is an aggressive hematologic malignancy with 
variable prognosis. It represents 15% of diagnosed pediatric ALL cases and has a threefold 
higher incidence among males. Many recurrent alterations have been identified and help 
define molecular subgroups of T-ALL, however the full range of events involved in driving 
transformation remain to be defined. Using an integrative approach combining genomic and 
transcriptomic data, we molecularly characterized 30 pediatric T-ALLs and identified common 
recurrent T-ALL targets such as FBXW7,JAK1, JAK3, PHF6, KDM6A and NOTCH1 as well 
as novel candidate T-ALL driver mutations including the p.R35L missense mutation in 
splicesome factor U2AF1 found in 3 patients and loss of function mutations in the X-linked 
tumor suppressor genes MED12 (frameshit mutation p.V167fs, splice site mutation 
g.chrX:70339329T>C, missense mutation p.R1989H) and USP9X (nonsense mutation 
p.Q117*). In vitro functional studies further supported the putative role of these novel T-ALL 
genes in driving transformation. U2AF1 p.R35L was shown to induce aberrant splicing of 
downstream target genes, and shRNA knockdown of MED12 and USP9X was shown to 
confer resistance to apoptosis following T-ALL relevant chemotherapy drug treatment in 
Jurkat leukemia cells. Interestingly, nearly 60% of novel candidate driver events were 
identified among immature T-ALL cases, highlighting the underlying genomic complexity of 
pediatric T-ALL, and the need for larger integrative studies to decipher the mechanisms that 




T-cell acute lymphoblastic leukemia, X-linked tumor suppressor, MED12, USP9X, U2AF1. 
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4.4. Introduction   
Acute lymphoblastic leukemia (ALL) is the most common childhood cancer, accounting for 
25% of all pediatric tumors [1]. Despite continued refinement of childhood ALL subtype 
classification and improved risk-based treatment strategies, survival rates remain significantly 
lower among high-risk patients [2]. Pediatric T-cell ALL (T-ALL) represents 10-15% of ALL 
cases [3] with a quarter of the patients experiencing relapse, and lower post-relapse survival 
compared to the more common B-lineage ALL [1]. Interestingly, a threefold higher incidence 
is observed among males [4], however the biological implications underlying this gender bias 
remain poorly understood. Despite the introduction of intensified chemotherapy protocols, 
very few inroads into new therapeutic approaches for these high-risk patients have been 
made. Recent studies [5-8] have shown that further classification of T-ALL could reveal new 
diagnostic markers and provide alternative targeted treatment options. 
 
Immunophenotypic and gene expression signature analyses revealed a limited number of T-
ALL subtypes based largely on differential expression of surface antigen markers and 
oncogene expression signatures related to stage-specific T-cell developmental arrest [3, 9, 
10]. Gene fusions involving the juxtaposition of transcription factor proto-oncogenes under the 
control of T-cell specific enhancers located in the TCRB (7q34) or TCRA-TCRD (14q11) have 
been shown to be essential driver events in T-ALL and further define molecular subtypes [9]. 
Additional recurrent, as well as cryptic chromosomal rearrangement events that lead to T-cell 
specific proto-oncogene activation have also been described and some have shown 
prognostic significance. For instance, CALM-AF10 resulting from the t(10;11)(p13;q14-21) 
translocation is one of the most frequent fusion events found in 10% of childhood T-ALL 
cases and has been associated with poor prognosis, particularly among immature T-ALL 
patients [11, 12].  
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Recent studies have used comprehensive genomic approaches to gain further insight into the 
mutational landscape of T-ALL and have led to the identification of novel disease 
mechanisms [6, 8] and recurrent somatic alterations with pathogenic relevance. The most 
prevalent are constitutive activation of NOTCH1 signaling, observed in up to 60% of T-ALL 
patients [13], and loss of the CDKN2A/p16INK4a (chromosome 9p21) locus [14], occurring in 
up to 70% of cases. Loss of function mutations in FBXW7 are also frequent in T-ALL (about 
15% of cases) and contribute to sustained NOTCH1 activation by preventing its proteasomal 
degradation in the nucleus [15]. Other frequently altered gene/pathway categories in T-ALL 
include signal transduction (PTEN, JAK1, JAK3, NF1, NRAS, IL7R and FLT3), transcription 
factors (WT1, LEF1, ETV6, GATA3 and BCL11B)as well as chromatin remodeling (EZH2, 
SUZ12, EED and KDM6A/UTX) [15]. Such studies have also identified a distinct, very 
aggressive T-ALL subtype defined by very early arrest in T-cell development [16, 17, 5]. 
These early T-cell precursor ALLs (ETP-ALLs) were genetically characterized by activating 
mutations in genes regulating cytokine and RAS signaling, inactivating mutations in 
hematopoietic development genes and histone-modifying genes [5]. 
 
These observations suggest that large, integrative efforts will continue to yield further insight 
into childhood T-ALL, particularly given that the pathogenesis of this disease and of its 
various subtypes cannot be entirely explained by the data currently available. In this study, 
we used a combination of exome and transcriptome sequencing, as well as high-density 
genotyping to characterize 30 childhood T-ALLs. We identified common recurrent mutations 
in known T-ALL genes (e.g. NOTCH1, PHF6, FBXW7 and JAK3) as well as novel somatic 
mutations in genes involved in RNA splicing (U2AF1), chromatin remodeling (KMT2C/MLL3) 
and of particular interest given the observed male gender bias, in X-linked genes MED12 and 
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USP9X. Additional functional studies provide evidence of the potential implication of these 
newly identified mutations in childhood T-ALL pathogenesis. Overall, our findings indicate a 
need for further large-scale genomic investigations to refine patient stratification and optimize 





4.5.1. The genomic landscape of childhood T-ALL 
Partially overlapping data from cytogenetic analysis, whole exome and genome sequencing, 
ultra-deep targeted re-sequencing, and RNA sequencing were available at diagnosis for 30 
childhood T-ALL patients (matched normal-tumor) and at relapse for two of these patients 
(Figure 1 and Table 1).Immunophenotyping and gene expression data, when available, were 
used to classify patients according to T-cell maturation status (Table 1, S1 Fig, S1 Table, S2 
Table and Supplementary information). Seven patients (324, 432, 706, 716, 748, 791 and 
879) clustered as early immature T-ALLs, among whom 2 patients (791 and 879) showed 
immunophenotype and expression markers indicative of an early T-cell precursor ALL (ETP-
ALL) phenotype [16]. Thirteen patients (340, 341, 437, 544, 547, 636, 647, 693, 727, 743, 
744, 759 and 849) were classified as mature T-ALLs and 10 patients could not be classified 
due to insufficient data (Table 1). 
 
We identified several structural chromosomal abnormalities within our cohort (Figure 1 and 
Supplementary information). Mature T-ALL patients 547, 759 and 636 were shown to carry 
translocations t(1;14)(p34;q11), t(11;14)(p13;q11) and t(10;14)(q24;q11) respectively, leading 
to the juxtaposition of the TAL1, LMO2 and TLX1/HOX11 oncogenes to the T-cell receptor 
alpha/delta (TCRA/D) at locus 14q11 [18-20]. We also identified a rarer translocation 
t(1;7)(p32;q34)/TRB-TAL1 in the mature T-ALL patient 849 [9] as well as the well-known 
t(10;11)(p12;q14) CALM-AF10 translocation in both ETP-ALL cases 791 and 879  and a 
t(9;22)(q34;q11.2)/BCR-ABL in the immature T-ALL patient 748 which is very rare in T-ALL 
(~1%) [21, 3]. Above >80% of the patients with available expression data showed activation 
of at least one (proto-)oncogene such as TAL1, TLX3, FLT3, LMO2, LYL1 and PIM1 with no 
evidence of a related fusion event (S1A Fig and S2 Table). For example, LMO2 was shown to 
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be upregulated in the mature T-ALL patient 547 and four early immature T-ALL patients 
including both ETP-ALLs (432, 748, 791 and 879), while none of these patients were 
identified as carriers of a LMO2 activating translocation. LYL1 was upregulated in all but one 
early immature T-ALL patient (716) without an associated translocation.  
 
On average, we identified 29 somatic SNVs/indels and 37 somatic CNVs per tumor (Figure 1 
and S3 Table). Based on strict filtering criteria (Methods), we identified a total of 68 candidate 
driver SNVs/indels (55 distinct mutations) across 28 genes among the 30 pediatric T-ALL 
patients and all patients harboured at least one candidate driver mutation (Figure 1 and S3 
Table). RNA-seq data, when available, confirmed expression of 84% of the mutated alleles 
(21/25) (Figure 1, S2 Fig). ''Hemopoiesis/T-cell differentiation'' was the most frequently 
altered pathway among the cohort with 80% of patients carrying mutations in 9 genes 
affecting this pathway. ''Post/Transcriptional regulation'' (14 genes), ''Chromatin 
modification/assembly'' (6 genes), ''Notch signaling” (6 genes) and ''Regulation of cell cycle'' 
(6 genes) were also found to be frequently altered. 34 of the reported candidate driver 
mutations were previously reported (COSMIC 72) among which 29 in hematopoietic 
malignancies (COSMIC v72) including 26 in known T-ALL driver genes such as 
FBXW7,JAK1, JAK3, PHF6, KDM6A and NOTCH1. These variations were mostly clonal 
(mean variant allele frequency - VAF =0.48, standard deviation - SD =0.10), confirming their 
presence in the majority of tumor cells at diagnosis and their initiating role in T-ALL (S3 Fig 
and Supplementary information). RAS pathway mutations had significantly lower frequencies 
compared to these common drivers with a mean VAF =0.33 (SD =0.11) (p =0.006, Mann-
Whitney-U test) (S3 Fig and Supplementary information). Subclonality of these mutations 
corroborates previous reports [22-24] that describe a secondary role for Ras mutations in T-
ALL occurring later in tumor progression. Fifteen patients (50%) harbored NOTCH1 mutations 
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and two thirds (12/18) of identified NOTCH1 mutations were located in exons 26 and 27, 
coding for the extracellular heterodimerization domain and were mainly missense mutations 
(11/12). The remaining 6 NOTCH1 mutations were located in exon 34 coding for the C-
terminal PEST (4/6) and transactivation (2/6) domains and consisted mainly of truncating 
mutations (5/6), as previously reported [25]. Recurrent events also involved the tumor 
suppressor locus 9p21 with CDKN2A/2B (p16INK4a and p15INK4b) deletions occurring in 17 
(57%) of our childhood T-ALL cases (Figure 1 and S3 Table), of which 14 were biallelic. For 
5/17 patients, the 9p21 deletion event included the hematopoiesis regulator MLLT3 [26], 6/17 
included the long non-coding RNA MIR31HG recently shown to regulate CDKN2A expression 
[27], and 9/17 included the methylthioadenosine phosphorylase MTAP. Although the 
associations require validations in larger cohorts, patients mutated for CDKN2A had 
significantly less chance of relapse (p =0.0121, Fisher’s Exact test).  Interestingly, immature 
T-ALL patients (early immature T-ALL and ETP-ALL together) had significantly less CDKN2A 
alterations (p =0.0044, Fisher’s Exact test) and a higher risk of relapse (p =0.0072, Fisher’s 
Exact test). 
 
Twenty-one variations had not previously been reported and thus were considered as novel 
T-ALL driver mutations, including 3 in NOTCH1 (p.N1603K, p.P2475fs and p.L2326fs) as well 
as novel predicted deleterious mutations in the well-known X-linked PHF6 (p.E221* and 
p.G226fs) and KDM6A/UTX (p.Q692*) [8, 28] (Figure 1 and S3 Table). Among these novel 
putative childhood T-ALL drivers, we identified a number of mutations in chromatin 
remodeling genes EHMT1 (n =4), WHSC1 (n =3) and KMT2C/MLL3 (n =1), a recurrent 
missense mutation (p.R35L) in the first zinc finger of splicing factor U2AF1 (n= 3), as well as 
loss of ABL1 (n=2) and in MLH1 (n=2), both involved in DNA repair. Two patients had gain of 
copy of JAG2 which functions in the Notch signaling pathway, and two novel missense 
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mutations (p.Q79K and p.R208K) were identified in the oncogenic serine/threonine-protein 
kinase AKT2 involved in cell cycle regulation. We also identified two novel candidate driver 
genes on the X chromosome: a novel nonsense mutation in the deubiquitinating protease 
USP9X (p.Q117*) in male patient 194; and 3 novel mutations in MED12, a member of the 
Mediator complex involved in regulating RNA polymerase II-dependent transcription, were 
found in male patient 744 (splice site mutation g.chrX:70339329T>C) and female ETP-ALL 
patients 791 (missense mutation p.R1989H) and 879 (frameshift insertion p.V167fs). 
Mutations in USP9X and MED12 presented VAFs (mean =0.97, SD =0.04) that were similar 
to the known driver mutations in PHF6 and KDM6A/UTX (mean =0.97, SD=0.05) (p =1.0000) 
(S3 Fig and Supplementary information). 
 
4.5.2. The novel U2AF1p.R35L mutation alters pre-mRNA splicing in human T-cells 
The novel recurrent p.R35L missense mutation was located in a zinc finger (ZnF) domain of 
the U2AF1 (U2 small nuclear RNA auxiliary factor 1) gene, coding for a member of the 
spliceosome machinery involved in pre-mRNA processing (Figure 2A and S3 Table). Three 
patients (200, 324 and 791) carried the predicted damaging mutation; patient 200 was 
unclassified and the other two were classified as early immature T-ALLs (324 and the ETP-
ALL 791) and experienced relapse. An additional cohort consisting of 8 adult relapsed T-ALL 
patients was used for further screening of newly identified somatic driver candidates and 
revealed a clonal p.R35L mutation (VAF =0.53) in the relapse genome of a 32 years old 
female case (patient P6, Methods and S4 Table). 
 
The previously identified U2AF1 p.S34F mutation (Figure 2A), located in the same ZnF in 
myelodysplastic syndrome (MDS) patients, was shown to disrupt splicing of a number of 
cancer-relevant genes leading to overall dysregulation of several downstream pathways 
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including epigenetic regulation and DNA damage response [29, 30-32]. To assess the 
putative impact of the novel p.R35L mutant on alternative splice site utilization, we tested for 
the presence of quantifiable isoforms among known U2AF1 targets (BCOR, KMT2D/MLL2, 
KDM6A/UTX and PICALM) [32] in human T lymphocyte (Jurkat) cells. BCOR and 
KMT2D/MLL2 were the only target genes with two identifiable isoforms (data not shown). 
Using site-directed mutagenesis, we created mutant T-cell lines overexpressing either WT or 
p.R35L mutated U2AF1 (Figure 2B) and showed alternative splice site usage at both BCOR 
and KMT2D/MLL2 loci that were specific to p.R35L (P =0.0286 for both genes, Mann-Whitney 
U test) (Figure 2C). These data suggest a comparable effect for the p.R35L mutation leading 
to disrupted splicing and further support a role for functional U2AF1 mutations in abnormal 
hematopoiesis, including childhood T-ALL. 
 
4.5.3. Novel X-linked drivers of T-ALL 
In 8 T-ALL patients (74, 194, 544, 636, 727, 744, 791 and 879), we identified 4 known 
somatic mutations (p.I314T, p.R116*, p.R225*, p.Y303*) and 2 novel mutations (p.E221*, 
p.G226fs) in the well-known X-linked driver gene PHF6 (Figure 3A). One mature T-ALL (744) 
also carried a novel nonsense mutation in KDM6A/UTX (p.Q692*) which was recently 
characterized as a T-ALL X-linked driver gene [8, 28] (Figure 3B). We observed no gender 
bias in the distribution of PHF6 mutations in our cohort (p =1.0000) with 25% (5/20) of male 
patients harboring mutations compared to 30% (3/10) of females. This is in line with recent 
observations [25, 33] that PHF6 alone is unlikely to account for the higher incidence of T-ALL 
among males. 
 
Our genomic investigation revealed 2 new candidate X-linked drivers of T-ALL: USP9X and 
MED12. For USP9X, we identified a novel truncating mutation (p.Q117*) in exon 5 carried by 
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the unclassified male patient 194 suggesting a tumor suppressor role (Figure 3C). As for 
MED12, we identified 3 novel somatic mutations (Figure 3D). One was located at the donor 
splice site of exon 2 (g.chrX:70339329T>C) in mature male patient 744 (Figure 4A). RNA-seq 
performed at diagnosis, as well as RT-PCR assays, confirmed that the mutated donor site 
was skipped leading to an aberrant form of the mature MED12 mRNA where exon 2 was lost 
(Figure 4B and 4C). This is the first MED12 mutation shown to lead to exon skipping in 
cancer. Interestingly, we also identified a missense mutation (p.R1989H) in exon 41 and a 
frameshift mutation (p.V167fs) in exon 14 of MED12 in the two female ETP-ALL cases 791 
and 879, respectively. While, MED12 was previously shown to be subject to X-inactivation, it 
has also been shown that inactivation can be tissue-specific [34]. Through allelic expression 
analysis, we showed biallelic expression of a germline synonymous SNP (rs5030619) in the 
female case 879 (S4 Fig), suggesting that MED12 could indeed escape X-inactivation in T-
ALL. 
 
To further test the impact of the loss of function of MED12 and USP9X in driving T-ALL 
development or maintenance, we performed in vitro small hairpin RNA (shRNA) assays in 
human T lymphocyte (Jurkat) cells (Figure 3C and 3D) and assessed aberrant proliferation 
and apoptosis resistance. While no significant changes in proliferation were observed (S5 
Fig), knockdown of both genes led to a reproducible and significant reduction of apoptosis 
following Camptothecin (CPT) and at least one relevant chemotherapy drug treatment, 
Doxorubicine (DOX) or Vincristine (VCR), compared to control (Figure 3C and 3D and S6 Fig) 
(p =3.375E-06 and 4.114E-05 after CPT,  p =4.095E-04 and 4.114e-05 after DOX, p 
=3.767E-01 and 5.636E-03 after VCR for shUSP9X and shMED12 cells respectively, two-
tailed Mann-Whitney U test). Although the observed effect might be context-dependent or 
cell-type specific, these results provide evidence that reduced activity of these new candidate 
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X-linked driver genes could perturb normal T-cell development, confer a treatment resistance 




In this study we performed comprehensive genomic characterization of 30 pediatric T-cell 
ALL patients, including 7 early immature T-ALLs (including 2 ETP-ALLs), 13 mature T-ALLs, 
and 10 patients for whom the maturation status of T-ALL cells could not be determined. We 
identified mutations (novel and known) and analyzed expression profiles of common driver 
genes, further highlighting the heterogeneity and distinct characteristics of T-ALL. We 
identified recurrent mutations in novel childhood T-ALL genes and functionally characterized 
3 new candidate driver genes (U2AF1, MED12 and USP9X). Overall, mutation rates in this 
childhood T-ALL cohort were similar to those previously reported [14, 33, 35-39]. For 
example, 15 (50%) and 16 (53%) patients harboured NOTCH1 mutations and CDKN2A/2B 
deletions, respectively. Immature T-ALL patients harboured significantly less CDKN2A 
deletions and experienced more relapse events compared to mature T-ALL cases, as 
previously published [16]. Our data also suggested a correlation between CDKN2A deletions 
and positive outcome with only one CDKN2A-deleted patient suffering a relapse event 
against 15 who did not, suggesting potential clinical utility of CDKN2A for risk-based 
stratification of T-ALL patients. 
 
Another recurrently mutated T-ALL gene in our cohort was PHF6. Seven patients harbored 
PHF6 mutations with a higher mutational rate compared to those previously reported for 
pediatric T-ALL (26.7% vs. 16-17.1%) [40, 33]. Interestingly, while previous analysis of the 
gender distribution of X-linked PHF6 mutations showed higher prevalence among males 
(32.0% vs. 2.5% of females) [40], we found here a slightly higher proportion of PHF6 mutated 
females (30.0% vs. 25% of males). The E3-ubiquitin ligase FBXW7 had a mutation frequency 
of 13.3% (n =4) in our childhood T-ALL cohort, similar to previous reports (8.6-19.1%) [33, 41, 
42, 35-39]. We also observed recurrent mutations in the JAK3 oncogene (13.3% vs. 5-
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15.3%), which is the most frequently targeted gene of the JAK-STAT pathway in T-ALL [5, 
33]. Additional known T-ALL driver genes also found to be mutated in our cohort include 
KDM6A/UTX (3.4% vs. 4.5-14%) [33, 28], JAK1 (3.4% vs. 4.5%) [33], PTPN2 (3.4% vs. 3.6%) 
[33] and LEF1 (6.9% vs. 7.2-17.0%) [33, 43]. T-ALL genes that were mutated less frequently 
in our cohort, compared to previous studies, include WT1 (6.7% vs. 13.2-16.2%) [44, 33], 
PTEN (3.4% vs. 10-11.7%) [45, 46, 5, 33] and DNM2 (6.9% vs. 10.8-18.0%) [5, 33]. And 
despite previous reports of childhood T-ALL [5, 8, 47] we found no mutation in the polycomb 
repressive complex 2 (PRC2), CNOT3, RPL10 and IL7R in our cohort.  
 
T-ALL is characteristically more common among males. Recent studies have characterized T-
ALL drivers in non-autosomal regions of chromosome X such as PHF6, RPL10 and 
KDM6A/UTX [40, 8, 28]. However, PHF6 and RPL10 are subject to X inactivation in females 
[40, 8], and KDM6A/UTX has a relatively low frequency (4.5 to 14%) in T-ALL [33, 28], 
therefore these genes alone cannot explain the observed skewed male:female ratio [48]. We 
identified additional novel X-linked candidate driver mutations in USP9X and MED12 that 
were shown to co-occur with PHF6 mutations in our childhood T-ALL cohort. Both genes 
have previously been implicated in diverse cancer types but have never been associated with 
T-ALL. USP9X belongs to the Ub-specific protease family and targets multiple proteins 
including SMURF1 [49], MCL1 [50] and Smad4 [51] and has been shown to escape X-
inactivation [52]. USP9X has been demonstrated to positively regulate T-cell receptor 
signaling and to be required for T-cell function [53]. The oncogenic driving potential of USP9X 
was confirmed in several tumor types: loss of function of the gene in chronic myelogenous 
leukemia [54], hepatocellular [55] or colorectal carcinoma [56], bladder cancer [57] and B-cell 
ALL [58] leads to increased sensitivity to chemotherapy and to apoptosis. On the other hand, 
tumor suppressor functions have also been described in pancreatic adenocarcinoma [59, 60] 
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and gingivo-buccal oral squamous cell carcinoma [61], highlighting the context-dependent 
role of USP9X in oncogenesis. The p.Q117* truncating mutation identified here in a single 
male patient (194) suggests a tumor suppressor role for USP9X in T-ALL, and the strong 
decrease in apoptosis observed following knockdown of the gene and chemotherapy drug 
treatment further corroborates the anti-oncogenic role of USP9X in childhood T-ALL and 
suggests a possible involvement on treatment resistance. As for MED12, it was altered in 
10% of our T-ALL patients and was as frequently mutated as the known T-ALL gene NRAS. 
The loss-of-function mutations in MED12 (p.V167fs and splice site g.chrX:70339329T>C) 
were both shown to be expressed, supporting a functional role of these mutations in T-ALL. 
Somatic mutations in MED12 exon 2 splice sites have previously been identified in breast 
cancer and were shown to cause intron retention [62]. MED12, along with MED13, Cyclin C, 
and CDK8 or CDK19, is a member of the kinase module of Mediator, a multisubunit complex 
required for regulation of RNA polymerase II-dependent transcription [63]. In line with our 
observations, MED12 was recently characterized as a tumor suppressor in uterine 
leiomyomas, prostate cancer, chronic lymphocytic leukemia and breast fibroadenoma [64-68]. 
Mutations in exon 2 showed a particularly high rate of somatic alterations (70% of uterine 
leiomyomas) [64] and have been shown to disrupt the direct interaction of MED12 with the 
cyclin C-CDK8 leading to reduced Mediator activity [66]. Here, MED12 appears to escape X-
inactivation.  In addition we showed that loss of MED12 in human T-cells leads to decreased 
apoptosis levels provoked by chemotherapy drugs, further corroborating its role as tumor 
suppressor in childhood T-ALL and highlighting its putative relapse driving potential in 
leukemogenesis. This is in line with recent results showing that MED12 repression induces 
resistance to multiple cancer drugs through TGF-βR signaling regulation [69].  
 
USP9X and MED12 mutations were detected in the predominant clone at diagnosis and the 
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two patients for whom we had relapse sequencing data available showed the presence of 
mutations in the major clone at relapse. These results indicate an early clonal selection 
supporting a possible functional role in early phases of T-ALL development and a possible 
implication in relapse. While further investigations are required to fully decipher the 
mechanisms underlying the observed USP9X and MED12 induced anti-apoptotic effects, the 
identification of two novel X-linked tumor suppressor genes in pediatric T-ALL and their co-
occurrence with known X-linked driver gene mutations (PHF6) suggests cooperating effects 
of X-linked mutations in T-ALL onset. The presence of several T-ALL tumor suppressor 
genes on the X chromosome, most of which escape X-inactivation, substantially increases 
the odds for males to develop the disease and could therefore explain the higher incidence of 
T-ALL among male children, provided that mutated forms of these proteins do not create 
dominant effects. However the underlying disease mechanisms associated with these alleles 
remains to be determined. 
 
We also identified a novel recurrent T-ALL mutation (p.R35L) in U2AF1 in 3 patients, 
including 2 immature cases. And through screening of additional adult relapsed T-ALL 
patients we confirmed recurrence of this novel mutation even in adults. U2AF1 is a common 
mutational target in several cancer types, such as MDS where 11% of cases are mutated [70, 
71]. The importance of the spliceosome machinery in leukemogenesis has been 
demonstrated [70, 72] and mutations in U2AF1 were recently shown to predict poor prognosis 
in patients with de novoacute myeloid leukemia [73]. The identified p.R35L mutation was 
previously reported in 2 cases of myeloid neoplasms [74, 29], but to the best of our 
knowledge, U2AF1 has never been associated with T-ALL prior to this study. U2AF1 has a 
U2AF homology motif allowing the heterodimerization with U2AF2 [75], an arginine-serine 
(RS) domain required for RNA high-affinity binding [76], and two ZnF domains. The p.R35L 
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mutation identified here, as well as recurrent MDS mutations at residues S34 and Q157, fall 
within the ZnF domains. Although the role of these domains remains elusive, our functional 
studies support a function in the splicing mechanism with the p.R35L mutation leading to 
alternative splice site usage in known target genes such as the transcriptional corepressor 
BCOR, associated with poor prognosis in MDS when altered [77], or the H3K4 
methyltransferase KMT2D/MLL2 that have been show to play a role in hematopoiesis [78]. 
KMT2C/MLL3 and KMT2D/MLL2 methyltransferases along with the histone demethylase 
KDM6A/UTX are members of the activating MLL2-KDM6A/UTX complex [79], their 
deregulation due to cooperating mutations or aberrant splicing events, could provide an 
alternative mechanism to recurrent alterations of PRC2 members EZH2, SUZ12 or EED in T-
ALL. Mutations in U2AF1 typically occur early in the founding clone and are present in the 
major clone at diagnosis [80-82], however p.R35L was subclonal in our 3 patients. This 
U2AF1 mutation would appear therefore to be a late, secondary event in the developmental 
history of these T-ALL cases. The fact that this mutation is subclonal could explain its 
absence in other T-ALL studies, particularly in the event of low tumor purity or extensive intra-
tumor heterogeneity. It should be noted that in ETP-ALL patient 791, p.R35L was present in a 
very minor subclone (VAF =0.09) and was lost at relapse, which in this case, could render its 
functional role questionable. However, in addition to U2AF1 p.R35L, patient 791 also 
harbored a frameshift insertion p.Y816fs in the methyltransferase KMT2C/MLL3, that was 
carried by another subclone at diagnosis (VAF =0.28) and presented a positive shift of 
frequency at relapse (VAF=0.39). KMT2C/MLL3 and KMT2D/MLL2 methyltransferases, along 
with the histone demethylase KDM6A/UTX, are members of the activating MLL2-KDM6A/UTX 
complex involved in promoting chromatin remodeling [79]; cooperating mutations and 
aberrant splicing events leading to altered histone modification could contribute to disease 
pathogenesis.  
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Additional epigenetic regulators that were mutated in this childhood T-ALL cohort include: 
EHMT1, WHSC1, KTM2C/MLL3, CTCF, CREBBP and KDM6A/UTX. EHMT1 codes for a 
H3K9 methyltransferase and is a member of the E2F6 repressor complex. To the best of our 
knowledge this gene has never been associated with T-ALL, although previous reports 
demonstrated overexpression of EHMT1 associated with poor prognosis in esophageal 
cancer and treatment resistance in chronic myeloid leukemia [83, 84]. We did not identify 
loss-of-function mutations in known T-ALL genes EZH2, SUZ12 or EED, but we identified 
activating somatic events in the H3K27 methyltransferase WHSC1 (MMSET, NSD2). WHSC1 
is a well-known and recurrent target for mutation in pediatric B-ALL as well as adult T-ALL 
[85, 86], however somatic disruption of WHSC1 in pediatric T-ALL is less frequent [86]. 
WHSC1 was mutated at higher frequency in our cohort, compared to previous reports in adult 
T-ALL (10.3% vs. 4.9%) [86]. The gain of copy identified in the ETP-ALL case 791 as well as 
the recurrent p.E1099K mutation found in the mature case 340 lead to enhanced activation of 
WHSC1 which correlates with increased H3K36 and decreased H3K27 methylation and an 
open chromatin state across the genome. Activating WHSC1 mutations mimic the described 
PCR2 loss-of-function mutations in ALL and could alter normal lymphoid differentiation and 
cell survival and support an oncogenic role for WHSC1 in childhood T-ALL [87]. However the 
p.S231* loss of function mutation identified in the early immature patient 432 is difficult to 
interpret. Haploinsufficiency of WHSC1 accounts for the core phenotypes of Wolf-Hirschhorn 
syndrome including facial appearance, mental retardation, growth delay and seizures [88]. 
This stop codon mutation could simply be a passenger event in 432 or provide a specific 
advantage given this patient’s genetic background. The KMT2C/MLL3 frameshift mutation 
(p.Y816fs) in patient 791 had never been identified in hematological malignancies before. 
KMT2C/MLL3 haploinsufficiency was shown to impair differentiation of hematopoietic stem 
and progenitor cells and to provoke resistance to conventional chemotherapy [89]. This 
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resistance might explain the emergence of subclonal KMT2C/MLL3 p.Y816fs positive cells in 
patient 791 at relapse. Finally, as recently reported in T-ALL [33], we identified the loss of a 
complete copy of the transcriptional repressor CTCF in one ETP-ALL patient, as well as the 
histone and non-histone acetyltransferase CREBBP in one mature case (636). CTCF was 
recently demonstrated to be a tumor suppressor [90] and its haploinsufficiency to lead to an 
increased variability in CpG methylation genome-wide. Tumors with hemizygous loss of 
CTCF showed increased aggressiveness, as observed here for ETP-ALL patient 791. The 
tumor suppressor gene CREBBP is a frequent mutational target in hematological 
malignancies and mutations in this gene are associated with increased risk of relapse in ALL 
[91], though patient 636 did not suffer relapse. Overall, these results support an important 
role for chromatin modification in T-ALL [92, 93, 5]. 
 
In conclusion, through integrated whole-exome, transcriptome, as well as targeted re-
sequencing and genotyping investigation of 30 childhood T-ALL patients, we showed that 
each patient carried a unique combination of known and novel somatic alterations, including 
SNVs, indels, CNVs, and chromosomal rearrangements. We observed a number of 
uncommon and novel mutations in the early immature cases of our cohort, particularly in the 
two ETP-ALL patients who harbored 80% of newly-identified candidate driver mutations. We 
characterized a recurrent mutation in the spliceosome member U2AF1 and demonstrated its 
impact on alternative splicing of cancer-relevant genes, further suggesting the importance of 
aberrant splicing in leukemogenesis. We also identified MED12 and USP9X as putative new 
X-linked drivers and provided evidence of the functional impact of their loss in T-cells 
supporting a potential role for these genes in the male-biased sex ratio observed in T-ALL. 
These results further highlight the underlying complexity of the genomic landscape of T-ALL, 
and the pressing need of larger integrative studies in well-defined cohorts to increase 
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4.7. Materials and Methods 
4.7.1. Study subjects 
All study subjects were French-Canadians of European descent. Incident cases were 
diagnosed in the Division of Hematology-Oncology at the Sainte-Justine Hospital (Montreal, 
Canada) as part of the Quebec childhood ALL cohort (QcALL) [94]. This childhood T-ALL 
cohort (n=30) consisted of 20 males and 10 females, with a mean age at diagnosis of 11.8 
years. All were classified as high-risk patients and treated accordingly under FRALLE and 
DFCI protocols depending on year of diagnosis (Table 1). Eight patients experienced relapse 
after a median time of 21 months post-induction, of which five patients did not survive post-
relapse, and one case (759) was refractory to induction chemotherapy and died of cerebral 
hemorrhage at 6 months after diagnosis. 
 
4.7.2. Whole-exome sequencingand variant identification 
Whole exome sequencing (WES) was performed on 24 matched normal-tumor T-ALL 
patients (Figure 1). DNA was extracted from bone marrow samples (at diagnosis) and 
peripheral blood samples (after remission) (Table 1) using standard protocols [95]. Whole 
exomes were captured in solution with Agilent’s SureSelect Human All Exon (38Mb or 50Mb), 
Nextera Rapid Capture Exome Enrichment kit (case 791) or SureSelectXT Clinical Research 
Exome (case 879) kits according to the manufacturer’s protocol and sequenced on the Life 
Technologies SOLiD 4/5500 System (paired-end: 50x35 bp, mean coverage on targeted 
region =35X) and for cases 791 and 879 (paired-end: 100x100 bp, mean coverage on 
targeted region =120X). Reads obtained from SOLiD 4/5500 and HiSeq 2500 systems were 
aligned to the Hg19 reference genome using LifeScope Genomic Analysis Software and 
Bowtie2 (version 2.2.3) [96] respectively. PCR duplicates were removed using Picard [97]. 
Genotype quality score recalibration was performed using the Genome Analysis ToolKit 
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(GATK) [98]. Sequencing metrics were obtained using the DepthOfCoverage option in GATK. 
After filtering out low quality reads, pileup files were created using SAMtools [99]. Somatic 
single nucleotide variants (SNVs) and small indels were called from pileup files using 
SNooPer, a highly versatile machine learning approach that uses Random Forest 
classification models and integrates matched normal-tumor data to accurately call somatic 
variants in low-depth sequencing data (Spinella et al. in revision, software available upon 
request). 
 
4.7.3. Targeted sequencing 
Ultra-deep targeted re-sequencing was performed on all candidate somatic driver mutations 
using the Illumina TruSeq Custom Amplicon assay as per the manufacturer’s instructions 
(Figure 1). Illumina DesignStudio was used to design custom oligos targeting the select 
mutated regions (available upon request). Genomic DNA from bone marrow at diagnosis and 
from blood at remission was used to validate somatic hits identified from WES (24 cases) or 
to screen identified variant positions in 3 additional cases with insufficient DNA for WES. PCR 
purification was performed with Ampure Beads for 150bp amplicon size selection. Double 
stranded amplicons were pooled, quantified by qPCR and sequenced on the Illumina 
HiSeq2500 device (paired-end: 2x100bp) to reach a mean coverage of 2,500X. Reads were 
aligned to the Hg19 reference genome using Bowtie2 (version 2.2.3) [96]. Cleaned BAM files 
were used to create pileup files using SAMtools [99]. A modified version of SNooPer was 
used to screen mutations at the targeted positions directly in the pileup file, and to compare 
normal and tumoral information to confirm the somatic origin of the validated mutations 
(details available upon request). 
 
Because NOTCH1 mutations were difficult to identify in the exome sequencing data due to 
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insufficient local coverage, Sanger sequencing was performed targeting recurrently mutated 
regions of NOTCH1 in T-ALL [13]. These included the N terminal region of the 
heterodimerization (HD) domain on exon 26; the C terminal region of the HD domain on exon 
27; the proline, glutamic acid, serine, threonine-rich (PEST) domain; and the C terminal 
region of the transcriptional activation domain (TAD) on exon 34. Primers used are listed in 
S5 Table. Chromatograms were analysed using the Sequencher software (Gene Codes) (S7 
Fig). 
 
An additional cohort consisting of 8 adult relapsed T-ALL patients from the Princess Margaret 
Cancer Centre, University Health Network (Toronto, Canada) (S4 Table) was used for further 
screening of newly identified somatic driver candidates in USP9X, MED12 and U2AF1. Ultra-
deep targeted sequencing was performed on the 5 somatic mutations identified in these 3 
genes on Illumina MiSeq system (McGill University and Génome Québec Innovation Centre); 
primers used are available upon request. The analysis of sequencing data was performed as 
described above. 
 
4.7.4. RNA-sequencing and variant identification 
RNA-sequencing (RNA-seq) was performed on 11 T-ALL patients (Figure 1) with suitable 
RNA quantity and quality. Total RNA was extracted from bone marrow samples at diagnosis 
for patients 432, 437, 547, 693, 716, 743, 744, 748, 791 and 849 using the mirVana Isolation 
kit (Ambion) according to the manufacturer’s protocol. The Allprep DNA/RNA Mini kit (Qiagen) 
was used for relapse samples in patients 791 and 879. For patient 744, mature RNA was also 
purified using the Ambion's MicroPoly(A)Purist kit (Small Scale mRNA Purification Kit P/N 
AM1919). Following a DNAse I treatment, total or mature RNA samples were quantified by 
NanoDrop ND1000 (Thermo-Fisher Scientific) and RNA quality was assessed using the 
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Agilent 2100 Bioanalyzer (Agilent). Ribosomal ribonucleic acid (rRNA) were depleted using 
the Invitrogen RiboMinus Eukaryote kit (Life Technologies). cDNA libraries were prepared 
using the SOLiD Total RNA-seq kit (diagnosis samples) and the Illumina TruSeq Stranded 
Total RNA kit (relapse samples) based on manufacturer’s protocol and sequenced on the Life 
Technologies SOLiD 4/5500 System (paired-end: 50x35 bp) or the Illumina HiSeq 2500 
System (paired-end: 100x100 bp). Reads obtained from SOLiD 4/5500 and HiSeq 2500 
systems were aligned to the Hg19 reference genome using LifeScope Genomic Analysis 
Software (Whole Transcriptome Analysis pipeline, default parameters) and STAR aligner 
(version 2.5) [100] respectively. Remaining ribosomal sequences were filtered out. 
Recalibration of the genotype quality scores was performed using the Genome Analysis 
ToolKit (GATK) [98]. Cleaned BAM files were used to create pileup files using SAMtools [99]. 
SNVs and small indels identified from WES were screened in RNA-seq pileup files using a 
modified version of SNooPer. Reads Per Kilobase per Million mapped reads (RPKM) were 
calculated for 22,292 genes using the R bioconductor package edgeR [101]. Heatmaps were 
constructed using the heatmap.2 library of the gplots R package using RPKM values of genes 
of interest. Breakdancer (version 1.1.2) [102] with a minimum mapping quality (q) set to 30 
was used to confirm rearrangements identified by cytogenetics or to call new events from 
RNA-seq data. 
 
4.7.5. Whole genome high-density SNV genotyping and copy number variant 
identification 
 
Whole genome genotyping (WGG) data were available for 23 T-ALL patients (Figure 1). 
Normal and tumor samples from these patients were genotyped using Illumina’s HumanOmni 
2.5-Quad or HumanOmni2.5-Octo SNP bead arrays (McGill University and Genome Quebec 
Innovation Centre, Montreal, Quebec). Extracted genomic DNA was processed according to 
the Illumina Infinium HD Assay Ultra protocol. BeadChips were imaged on Illumina's iScan 
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System with iScan Control Software (v3.2.45). The Genotyping Module (Version 1.9.4) of the 
Illumina GenomeStudio software (V2011.1) was used for raw data normalization, genotype 
clustering and calling, with default. ASCAT version 2.2 [103] was used to evaluate the sample 
purity, to evaluate tumor ploidy and to identify tumor-specific copy number variants (CNVs) or 
copy-neutral loss of heterozygosity (LOH). 
 
CDKN2A gene allelic status was further evaluated in all T-ALL patients at diagnosis using 
PCR. Each 25 µl reaction contained 50 ng of template DNA, 1X KOD Buffer, 1.5 mM MgSO4, 
200 µM dNTPs, 0.3 µM of each primer (listed in S5 Table) and 0.5U of KOD Hot Start DNA 
Polymerase (Millipore). Cycling parameters used were: 95°C 2 min; 40 cycles (95°C 20 sec, 
58°C 10 sec, 70°C 10 sec). Amplified fragments of 368 bp were visualized using standard gel 
electrophoresis. Electrophoresis gels are available upon request. 
 
4.7.6. Variant annotation and prioritization of cancer driver gene mutations 
ANNOVAR (version 2015Jun17) [104] and Oncotator (version 1.8) [105] were used to 
annotate somatic splice site variants, non-synonymous SNVs and frameshift small indels. 
Variants were queried against publically available datasets such as 1000 Genomes [106], 
NHLBI GO Exome Sequencing Project (ESP) [107] and Exome Aggregation Consortium 
(ExAC) [108] to filter out common polymorphisms (minor allele frequency >0.01). The 
Catalogue of Somatic Mutations in Cancer (COSMIC, version 72) [109] was used to evaluate 
prior implications in cancer. We classified each mutated gene as either tumor suppressor 
genes (TSGs) or oncogenes based on Vogelstein's 20/20 rule [110] on COSMIC v72 data (S3 
Table). The predicted functional impact of non-synonymous variants and small indels was 
assessed using Sift (version 1.03) [111], Polyphen2 (version 2.2.2) [112], MutationTaster 2 
[113] and the Cancer-specific High-throughput Annotation of Somatic Mutations tool (CHASM 
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version 3.0) [114] (S3 Table). Variants presenting a score ≤0.05 were considered as 
damaging by Sift (D). Mutations with a Polyphen2 score between 0.447 and 0.909 were 
predicted as possibly damaging (P) while a score >0.909 was considered as damaging. 
Mutations with a MutationTaster score >0.9 were also considered as damaging. Finally, for 
CHASM classification we used the Blood-Lymphocyte training set and a Benjamini and 
Hochberg’s adjusted false discovery rate (FDR) ≤0.20, to prioritize mutations based on their 
predicted driver potential. To identify candidate driver mutations we filtered events and kept 
only somatic alterations that were: i) missense mutations predicted to be driver by CHASM 
[114]; or to be damaging by at least two of the other three prediction algorithms; or identified 
as recurrent in COSMIC v72 [109]; ii) splice site and nonsense mutations that were predicted 
to be damaging by MutationTaster and Sift, respectively; or located in a tumor suppressor 
gene; or identified as recurrent in COSMIC; iii) frameshift indels and deletions located in a 
TSG and gain of copies located in an oncogene; iv) genes with more than one mutation 
(SNV, indel or CNV) in our cohort but previously never associated with pediatric T-ALL were 
considered as new candidate driver genes. Based on these filtering criteria, we identified 
somatic gene mutations with putative functional effects in driving T-ALL development, some 
of which we further investigated (USP9X, MED12 and U2AF1). 
 
4.7.7. Cell lines 
Human acute T-cell leukemia-derived Jurkat Tet-On cells (630915, Clontech) and REH 
human leukemia cells (#CRL-8286, A.T.C.C.) were grown in RPMI-1640 medium (Wisent) 
supplemented with 10% fetal bovine serum, 100 IU/ml penicillin and 100 µg/ml streptomycin 
(Wisent). The highly transfectable HEK293T cells were grown in Dulbecco's Modified Eagle's 
Medium supplemented with 10% fetal bovine serum (Wisent). Cells were routinely maintained 
at 37°C in a humidified atmosphere composed of 95% air and 5% CO2 and provided with 
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fresh medium every 2 to 3 days. 
 
4.7.8. RT-PCR validation of alternative splicing in MED12 
Total RNA was extracted (as above) from the patient’s bone marrow at diagnosis, as well as 
from REH (human B leukemia) cells, mature T cells (CD3+/CD19-) isolated from cord blood 
samples, and from two g.chrX:70339329TT wild type (WT) patients (727 and 791), used as 
controls. RNA was reverse transcribed into cDNA using the Ovation® qPCR System (NuGEN 
Technologies). PCR were performed using KOD Polymerase as described above. Amplified 
fragments were analyzed on the Agilent 2100 Bioanalyzer Instrument and by Sanger 
sequencing (McGill University and Genome Quebec Innovation Centre). 
 
4.7.9. ShRNA-mediated gene knockdown 
Lentivirus-mediated gene-specific small hairpin RNAs (shRNAs) were used to knockdown 
expression of 2 candidate driver genes: USP9X, and MED12, in Jurkat (human T leukemia) 
cells. The complete list of MISSION® shRNAs (Sigma-Aldrich) used to silence target gene 
expression are listed in S6 Table (at least 3 for each gene). shRNA target sequences were 
subcloned into either the lentiviral vector pLKO.1-puro (TRC1 version) or pLKO.5-puro (TRC2 
version). Briefly, using Polyethylenimine (PEI; Polysciences), plasmids and packaging vectors 
(6 µg of pRSV-Rev, 7.8 µg of plasmid pMD2.VSVG, 15 µg of pMDL, and 9 µg of shRNA in 
pLKO-puro plasmid) were co-transfected into HEK293T cells to generate respective 
lentivirus. Supernatants containing lentiviruses were harvested 48h post-transfection. 1x10E6 
Jurkat cells were infected with 1 ml of supernatant in the presence of 5 μg/mL of polybrene 
(Sigma-Aldrich). 72 hours post-infection, cells were screened with 2 µg/µl puromycin (Sigma-
Aldrich) for two weeks to select for shRNA-knockdown cells. Three biologically independent 
replicates were carried out for each target gene. The expression of target genes was 
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measured by quantitative PCR (qPCR). 
 
Total RNA was extracted from infected cells using RNeasy mini kit (Qiagen). 500 ng of total 
RNA were reverse transcribed using the M-MLV reverse transcriptase (Thermo Fisher 
Scientific) and qPCR amplifications (triplicates) were performed on the ABI PRISM 7000 
Sequence Detection System (Thermo Fisher Scientific) in a total volume of 25 µl as follows: 5 
µl of cDNA (diluted 1:5), 0.2 µM of each primers (listed in S5 Table), and 1X SYBR Green 
PCR Master Mix (Thermo Fisher Scientific). The cycling parameters were: 95°C 10 min; 40 
cycles [95°C 15 sec, 62°C 1 min], followed by a denaturation curve at 60°C. GAPDH was 
used as reference gene. Expression values were calculated by the 2−(ΔΔCt) formula previously 
described [115]. 
 
4.7.10. Apoptosis assay 
Apoptosis was measured using the Alexa Fluor® 488 Annexin V/Dead Cell Apoptosis Kit 
(Thermo Fisher Scientific) according to the manufacturer’s instructions. Briefly, cells were 
seeded at 5x10E5 cells/mL in their culture medium and treated with 2 μM of Camptothecin for 
17 hours or 500 nM of Doxorubicine for 18 hours or 50 nM of Vincristine for 24 hours, to 
promote DNA damage-induced apoptosis. Following incubation with Annexin V Alexa Fluor® 
and propidium iodide (PI) at room temperature for 30 min, stained cells were immediately 
analyzed by flow cytometry. The percentage of apoptotic cells was measured on the FACS 
Fortessa using the BD FACSDiva software (BD Biosciences) according to manufacturer’s 





4.7.11. U2AF1 p.R35L splicing assay 
The pOTB7 plasmid containing U2AF1 cDNA was purchased from Harvard PlasmID 
Repository (clone # HsCD00321863) and subcloned into the Gateway compatible vector 
pDONR221. The R35L mutation was introduced into the cDNA sequence of U2AF1 using the 
QuickChange II XL Site Directed Mutagenesis kit (Agilent) with primers listed in S5 Table. 
Sanger sequencing (McGill University and Genome Quebec Innovation Centre) was 
performed to confirm the presence of the mutation. WT or R35L U2AF1 coding sequences 
were then subcloned into the Gateway lentiviral vector pLenti CMV Puro DEST (w118-1) 
using LR clonase Enzyme mix (Thermo Fisher Scientific). Lentiviruses were generated and 
Jurkat cells infected (two biologically independent replicates) as described above. Total RNA 
was extracted from infected cells using RNeasy Mini Kit and treated with RNase-Free DNase 
Set (Qiagen), and cDNAs were generated using M-MLV reverse transcriptase (Thermo Fisher 
Scientific). Overexpression of WT or R35L U2AF1 in Jurkat cells was measured by qPCR 
amplification as described above. To validate alternative splice site utilization at the BCOR 
and KMT2D/MLL2target genes, as described elsewhere [32], RT-PCR was performed on 
cDNAs in duplicates using KOD Hot Start Polymerase as described previously with primers 
listed in S5 Table. PCR products were electrophoresed in agarose gel stained with SYBR 
Safe (Thermo Fisher Scientific), and quantified by densitometry using Image J software 
(version 1.49). 
 
4.7.12. Statistical tests 
Significance of observations was assessed with R using two-tailed Fisher's exact test or 




4.8. Supplementary information 
4.8.1. Classification of T-ALL patients by maturation stage 
We used both immunophenotyping and gene expression data when available to classify 
patients according to T-cell maturation status (Table 1, S1 Fig, S1 Table and S2 Table). 
Seven patients (324, 432, 706, 716, 748, 791 and 879) clustered as early immature T-ALLs. 
Five of these tumors strongly expressed CD34 and most had no or weak expression of 
mature thymocyte markers CD1a, CD4 and CD8. These CD34+/CD1a-/CD4-/CD8- patients 
also expressed immature T-cell specific markers such as LMO2, LYL1, BCL2, FLT3, TGFB1 
and MYB [1]. Two of these patients (791 and 879), had low expression levels of CD5 (<75%) 
and were positive for myeloid or stem-cell markers CD34, HLA-DR, CD13, CD33, CD11b and 
positive for the T-cell marker cytoplasmic CD3 (cCD3). They expressed LYL1, indicative of an 
early T-cell precursor ALL (ETP-ALL) phenotype [2]. Twelve patients (340, 341, 437, 544, 
547, 636, 693, 727, 743, 744, 759 and 849) positive for CD1a/CD4/CD8 and expressing 
mature thymocyte markers such as LCK, RAG1, PTCRA or STAT5A [1] were classified as 
mature T-ALLs (S1 Fig and S1 Table). Among these, patients 744 and 849 showed the 
strongest ectopic expression of the homeobox developmental genes SIX6 and NKX3-1 [1], 
and patient 849 showed strong activation of the TAL1 oncogene, further supporting a more 
advanced (late cortical) stage of maturation. Of note, CD1a+/CD4+ patient 693 highly 
expressed HOXA genes indicative of T-lineage blockade prior to beta-selection [1], 
suggesting an early cortical stage of maturation for this mature T-ALL. Some patients were 
difficult to classify, such as patient 744 who was classified as mature T-ALL and was the only 
patient who showed activation of TLX3, typically associated with early cortical cases. 




4.8.2. Chromosomal rearrangements and cryptic events in T-ALL 
We identified translocations using Fluorescent In Situ Hybridization (FISH), molecular 
cytogenetic analyses and RNA-seq data. RNA-seq data confirmed aberrant transcriptional 
activation of TAL1 for patient 849 but surprisingly showed no up-regulation of this gene in 
patient 547 (S1A Fig). This is possibly due to intra-tumor heterogeneity of the sample leading 
to reduced tumor-specific gene expression signals. We could not confirm upregulation of 
LMO2 and TLX1/HOX11 in patients 759 and 636 because of the lack of expression data. 
Transcriptome analysis of the two ETP-ALL cases with the t(10;11)(p12:q14) CALM-AF10 
translocation revealed aberrant activation of the HOXA cluster [3], as well as activation of its 
cofactors BMI1 and MEIS1 (S1A Fig and S2 Table). Of note, BMI1 activation leads to 
CDKN2A inhibition and thus induces cell proliferation, which corroborates with the absence of 
CDKN2A locus deletions in these immature T-ALL patients [4]. Only one patient (744) 
showed cryptic activation of TLX3, typically associated with early cortical cases. This patient 
also had upregulation of BMI1, but no characteristic co-upregulation of HOXA genes was 
observed, nor did we identify CALM-AF10 or MLL rearrangements typically causing BMI1 
activation [3]. Patient 693 presenting the overall strongest activation of the HOXA gene 
cluster also showed upregulation of oncogenes and T-cell differentiation genes such as 
NOTCH2, NOTCH3, PTCRA and PIM1 as expected. However no expression of LMO2, LYL1, 
BCL2 or FLT3 was observed in this patient. Of note, TLX1/HOX11 activation, associated with 
early cortical T-ALLs and with a favorable prognosis [4], was not observed in any of the 
patients investigated here. 
 
4.8.3. Clonal architecture of childhood T-ALL 
We used genomic sequencing data (read counts) to study clonal architecture of these 
childhood T-ALL tumors. For both ETP-ALL patients, we also investigated clonal dynamics 
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from diagnosis (pre-treatment) to relapse. Variant allele frequencies (VAFs) of 48 somatic 
SNVs and small indels from 66 candidate drivers were estimated from Illumina WES 
(Methods, mean coverage on targeted region =120X) and/or ultra-deep targeted re-
sequencing data (Methods, mean coverage =2,500X). Variants identified from RNA-seq data 
and Sanger sequencing were not considered. Tumor purity was determined either from blast 
counts at diagnosis or from ASCAT profiles (Table 1), and was used to adjust VAFs in each 
tumor (S3 Fig and S3 Table). Frequencies were not adjusted for copy number variations, 
which would explain the high somatic variant frequencies at certain loci that overlapped 
monoallelic deletion events (e.g. WT1 p.R370H (VAF =0.96)). Once adjusted, 29.2% of 
identified somatic SNVs and small indels were considered as subclonal as they presented 
adjusted VAFs ≤0.4, and of VAFs ≤0.8 for X-linked mutations in males (S3A Fig and S3 
Table). Variations in common T-ALL drivers (PHF6, FBXW7, JAK1 and JAK3) were mostly 
clonal (mean VAF =0.48, standard dev. =0.10). Interestingly, both variations in JAK1 and 
JAK3 identified in patient 744 were clonal (VAF =0.59 and 0.56, respectively), suggesting an 
early cooperative role as opposed to previous reports of a sequential event with JAK1 acting 
as first hit and JAK3 contributing to selection and expansion of the JAK1+ subclone [5]. RAS 
pathway mutations had significantly lower frequencies compared to these common drivers 
with a mean VAF =0.33 (standard dev. =0.11) (p =0.006, Mann-Whitney-U test). Subclonality 
of these mutations corroborates previous reports [6-8] that describe a secondary role for Ras 
mutations in T-ALL occurring later in tumor progression. SNVs and small indels identified in 
novel T-ALL genes had different modalities of clonal evolution (S3A Fig and S3 Table). For 
U2AF1, p.R35L was subclonal in all three patients carrying the mutation (mean VAF =0.24, 
standard dev. =0.13), and was therefore likely recently acquired in tumor evolution. On the 
other hand, mutations in newly identified X chromosome genes USP9X and MED12 (mean 
=0.97, SD =0.04) in patients 194, 744, 791 and 879 had VAFs that were similar to the known 
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driver mutations in PHF6 and KDM6A/UTX (mean =0.97, SD=0.05) (p =1.0000). Given that 
we had quality relapse data for the two ETP-ALL patients (791 and 879), we investigated the 
mutational trajectories of known and novel candidate driver genes (S3B and S3C Fig and S3 
Table). The CALM-AF10 translocation carried by both patients at diagnosis was also found in 
the dominant clone at relapse. In addition to the dominant PHF6 (p.G226fs, VAF =0.51) and 
MED12 (p.R1989H, VAF =0.49) mutations, case 791 also carried subclonal mutations in 
KMT2C/MLL3 (p.Y816fs, VAF =0.28) and JAK3 (p.M511I, VAF =0.13). While patient 791’s 
most subclonal mutations (NOTCH1, VAF =0.10; JAK3, VAF =0.13; U2AF1, VAF =0.09) were 
lost at relapse, the subclonal tumor cell population carrying the KMT2C/MLL3 mutation at 
diagnosis, was selected at relapse with a positive VAF shift from 0.28 to 0.39. On the other 
hand, X-linked mutations remained clonal with relapse VAFs of 0.46 and 0.44 for PHF6 
(p.G226fs) and MED12 (p.R1989H) respectively. This suggested the presence of multiple 
subclones at diagnosis and subsequent purification at relapse with the emergence of a single 
founder clone. As for patient 879, almost all relapse mutations were present in the major 
clone at diagnosis and remained clonal at relapse, including PHF6 (p.R225*, VAF =0.55 to 
0.49), MED12 (p.V167fs, VAF =0.55 to 0.49), JAK3 (p.L857P, VAF =0.54 to 0.53) and 
FBXW7 (p.W425C, VAF=0.55 to 0.45). Only WT1 (p.V167fs) was counter-selected at relapse 
and presented a negative VAF shift from 0.49 to 0.29. Overall, subclones present in both 
patients at diagnosis underwent a putative selection illustrated by the loss of subclones in 791 
with the emergence of a fitter dominant clone at relapse carrying KMT2C p.Y816fs, and loss 
of a WT1 p.V167fs subclone in 879. Interestingly, no additional relapse-specific events were 
identified in these cases. Given that MED12 positive cells showed clonal equilibrium, it was 
difficult to evaluate their relapse potential, however their maintenance as dominant population 
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Figure 1. Overview of the SNVs, small indels and structural variations identified among 
30 childhood T-ALL patients. Genes (top) are ordered according to the number of events 
identified in the cohort (descending order from left to right). Pathways (bottom) are ordered 
according to the number of genes identified as mutated (descending order from top to 
bottom). The ''Info'' and ''Data type'' sections respectively inform about the clinical data 
(gender, relapse status and differentiation group classification) and the type of informative 
data (WES, targeted sequencing, WGG, RNA-seq, cytogenetics) available for each patient. 
ETP-ALL cases are indicated directly in the corresponding square of the ''Group'' column in 
the ''Info'' section. SNVs and Indels unreferenced in COSMIC v72 are indicated by a pink 
frame and were considered as novel. The black cross stands for missing data. †: genes 
included in the deleted 9p region with tumor suppressor genes CDKN2A/B. WES: Whole 
Exome Sequencing; WGG: Whole Genome Genotyping; SNV: Single Nucleotide Variant; SI: 
Small Indel; CNV: Copy Number Variant; HD: Hyperdiploidy. 
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Figure 2. Mutation p.R35L in U2AF1 alters pre-mRNA splicing in human T-cells. (A) 
Schematic representation of U2AF1 predicted protein including zinc fingers 1 and 2 (ZnF1, 
ZnF2), the U2AF homology motif (UHM) and the arginine-serine rich domain (RS). The black 
circle indicates the location of the new mutation p.R35L identified here in 3 T-ALL cases. The 
grey circles indicate previously identified recurrent mutations in U2AF1. The amino acid scale 
is indicated at the bottom. (B) The expression of WT or R35L U2AF1 transgenes in Jurkat 
cells was measured by qPCR and reported to the expression of the endogenous gene 
measured in cells infected with the empty vector (pLENTI). The alternative splice site 
utilization of BCOR (C) and KMT2D/MLL2 (D) mRNAs were measured in infected cells as 
previously described [32]. RT-PCRs were performed in duplicate on cDNAs obtained from 
two different infections (#1 and #2) of WT or R35L U2AF1 transgenes in Jurkat cells and PCR 
products were electrophoresed on agarose gel stained with SYBR Safe (top left). 
Quantification of each isoform was done by densitometry using Image J software (version 
1.49) and the mean ratio of the long isoforms of BCOR and KMT2D/MLL2 reported to the 
total of both long and short isoforms (right). Statistical significance was determined by a two-
tailed Mann-Whitney U test; P-values <0.05 are represented by one asterisk. 
 192 
 
Figure 3. The loss of function of USP9X and MED12 protects from induced apoptosis in 
leukemic T-cells. (A) Schematic representation of PHF6 predicted protein including the two 
PHD type zinc finger domains (PHD) and the two CysCysHisCys type zinc finger domains 
(C2HC). Black circles indicate the location of new mutations. Grey circles indicate previously 
referenced mutations identified in this childhood T-ALL cohort. The size of the bars are 
representative of mutation frequencies in the cohort (PHF6 p.R225* was identified in three 
cases while all others were identified in one case). The amino acid scale is indicated at the 
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bottom. (B) Schematic representation of KDM6A/UTX predicted protein including three 
tetratricopeptide repeat domains (TRPs) and the Jumanji C domain (JmjC). (C, top) 
Schematic representation of USP9X protein including the ubiquitin-like module (Ubl) and the 
USP-definitive cysteine and histidine box catalytic motifs (CYS and HIS). (D, top) Schematic 
representation of MED12 including the leucine-rich domain (L), the leucine- and serine-rich 
domain (LS), the proline-, glutamine-, leucine-rich domain (PQL) and the opposite paired 
domain (OPA). ShRNAs were used to knockdown expression of: USP9X (C, middle) and 
MED12 (D, middle) in Jurkat cells. Residual mRNA levels after shRNA transduction were 
measured by RT-qPCR. GAPDH was used as calibrator and non-mammalian shRNAs 
(shCTL) were used as control for normalization. In vitro apoptosis assays show overall 
reduced levels of apoptosis associated with knockdown of USP9X (C, bottom) and MED12 
(D, bottom). DNA damage-induced apoptosis was provoked with 2 μM of Camptothecin 
(CPT) for 17 hours or 500 Nm of Doxorubicine (DOX) for 18 hours or 50 nM of Vincristine 
(VCR) for 24 hours. Non-treated (NT) transduced cells were used as controls. Overall 
apoptosis levels were measured after 30 minutes of annexin V (AnV) propidium iodide (PI) 
double staining (AnV+/PI-, AnV+/PI+, and AnV-/PI+). Statistical significance was determined 
by a two-tailed Mann-Whitney U test; **, P-values <0.01; ***, P-values <0.001. 
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Figure 4. Mutation g.chrX:70339329T>C in MED12 causes the splicing of exon 2. (A) 
Schematic representation of the normal (top) and aberrant splicing (bottom) of MED12 
transcripts from the normal and the identified mutant gene. In the presence of the mutation, 
the donor splice site of exon 2 (underlined) is skipped and exon 1 is directly spliced to exon 3, 
leading to an aberrant mature form of MED12 mRNA lacking exon 2. (B) Synthetic 
electrophoresis gel of MED12 PCR products (Methods). cDNAs were synthesized from 
mature RNA extracted from patient 744 mutated at g.chrX:70339329T>C, REH cells, mature 
T-cells (CD19-CD3+) isolated from cord blood samples and two T-ALL patients, WT for this 
position (791 and 727). Amplified fragments of 281 bp (WT samples) and 176 bp (mutated 
sample) were analyzed using Agilent 2100 Bioanalyzer. The 105 bp difference corresponds 
to the skipped exon 2. L: ladder; CTL-: negative control. (C) Screenshot of the Integrative 
Genomics Viewer (IGV) window presenting aligned RNA-seq data obtained from cases 744 
(top) and a third T-ALL WT patient (693, bottom). The dotted line is centered on the donor 
splice site of exon 2 of MED12 (g.chrX:70339329). Case 744 shows aberrant splicing of exon 
2, while 693 was WT for this position and shows a mature transcript that includes the exon 2. 
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S1 Fig.Genes and antigenic determinant expression for the classification of T-ALL 
cases. (A) Informative markers were selected based on previously published classification 
criteria [1, 2, 9]. Z-scores were calculated based on Reads Per Kilobase per Million mapped 
reads (RPKM) obtained from RNA sequencing data (SOLiD 4/5500 System) using the R 
bioconductor package edgeR (Methods) and scaled per selected marker (red lines). Dotted 
lines are centered on 0. (B) Informative antigenic determinants. Values are percentages of 
positive leukemic cells for each determinant (black lines). Dotted lines are centered on 50%. 
White cells represent missing values. Scales for color density are indicated in the top left 
corner of each heatmap. 
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S2 Fig. The analysis of tumor transcriptomes reveal the expression of 84% of identified 
somatic events (SNVs and small indels). Log2 ratios of the number of RNA-seq reads 




S3 Fig. Variant allele frequency (VAF) analysis at diagnosis and relapse reveals the 
clonal architecture of somatic events (SNVs and Small Indels) and their evolution 
under the selection pressure of therapy. (A) VAFs of somatic events correspond to the 
ratio of reads supporting the mutation over the total depth of coverage at the given position. 
VAFs were calculated from ultra-deep targeted re-sequencing (mean coverage of 2,500X) 
and adjusted according to either tumor purity (blast count) or from the analysis of genotype 
profiles using ASCAT. Amino acid changes are indicated in brackets beside gene names. 
Squares, circles or diamonds with a central white dot indicate events identified at diagnosis 
from patients with relapse data available (791 and 879). *: stop gain; fs: frameshift. (B) Clonal 
dynamics from diagnosis (pre-treatment) to relapse of the ETP-ALL cases 791 (upper panel) 
and 879 (lower panel). VAFs at relapse are calculated from WES data and adjusted 
according to tumor purity. Dark blue, green and black lines stand for clonal equilibrium, 
positive shift and negative shift respectively. 
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S4 Fig. USP9X and MED12 escape X-inactivation in patient 879. Screenshot of the 
Integrative Genomics Viewer (IGV) window presenting aligned RNA-seq data obtained from 
patient 879. The dotted lines are centered on the informative SNPs rs10463 (A), located in 
3'UTR of USP9X as control, and rs5030619 (B), located in exon 28 of MED12 (bottom). Both 




S5 Fig. The loss of function USP9X and MED12 has no effect on cell proliferation in 
Jurkat cells. The experiment was performed using CellTiter-Glo® Luminescent Cell Viability 
Assay. 1x10E4 cells were seeded in triplicates, harvested daily over 5 days, mixed with 
CellTiter-Glo solution, and resulting luminescence read on Envision plate reader. Jurkat cells 
transduced with shUSP9X (A) and shMED12 (B) were compared to Jurkat cells transduced 
with non-mammalian shRNAs (shCTL). Normalization was performed daily for each replicate 
by comparison to data obtained during corresponding day 1. 
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S6 Fig. The loss of function of USP9X and MED12 protects from camptothecin-induced 
apoptosis in leukemic T-cells. Representative flow cytometry profiles of apoptosis assays 
performed on Jurkat cells infected with shRNAs targeting USP9X (A) and MED12 (B), non-
treated (NT) or treated with 2 µM Camptothecin (CPT) for 17h, compared to Jurkat cells 
transduced with non-mammalian shRNAs (shCTL). Staining was performed using Alexa 
Fluor® 488-conjugated Annexin V and PI for 30 minutes. Data shown are representative of 
three independent shRNA infections. 
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S7 Fig. Sanger sequencing for the identification of mutations in NOTCH1. 
Representative DNA sequencing chromatograms of tumoral genomic DNA samples showing 
somatic mutations in exons 26, 27 and 34 of NOTCH1 (Methods). 
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4.10. Tables 
Table 1. Childhood T-ALL patient clinical information. 
 
aPeriod during which the patient was followed after diagnosis and presented no relapse 
event. bBlast counts estimated from genotyping data analysis (Methods). BM: bone marrow; 






Blast cells in the blood 
sample (%)
Blast cells in the BM 




23 M N - 85.0b 340.3 55.0
37 M N - 92.0b 361.0 19.0
74 M N - 60.0b 10.9 119.0
95 F N - - - -
159 M N - - 17.5 -
194 M N - 100.0b 28.8 36.0
195 F N - 90.0b 163.0 21.0
200 M N - 71.0 52.1 85.0
210 M N - 93.0b 142.0 28.0
231 F N - 92.0b 29.3 70.0
324 M N - - 22.7 136.0
340 M N 85.0 94.5 191.5 129.0
341 M N 33.0 96.5 42.8 62.0
432 F > 5.103 blasts/ml 89.0 83.0 366.7 285.0
437 M N 32.0 92.0 181.1 52.0
544 M < 5.103 blasts/ml 97.0 99.5 465.6 31.0
547 M N - 90.2 195.0 66.0
636 F N 88.0 90.5 151.3 70.0
647 F N 68.0 92.0 31.8 15.0
693 M > 5.103 blasts/ml 66.0 85.5 93.6 99.0
706 F < 5.103 blasts/ml 93.0 90.5 253.1 24.0
716 M < 5.103 blasts/ml 89.0 95.0 274.4 34.0
727 M > 5.103 blasts/ml 66.0 90.5 119.4 74.0
743 M < 5.103 blasts/ml 89.0 91.5 793.5 18.0
744 M < 5.103 blasts/ml 97.0 88.0 95.5 27.0
748 M N 19.0 33.4 7.3 100.0
759 F N 65.0 70.5 133.0 75.0
791 F N 0/13.0 77.7/85.0 27.7/4.28 112.0/102.0
849 M N 61.0 86.0 105.2 31.0




Relapse Death Diagnosis age (months)
Time before relapse 
(months)
Relapse free survivala 
(months)
T-ALL group
23 DFCI 91-01 N N 168 NA 244 -
37 DFCI 91-01 N N 94 NA 225 -
74 DFCI 95-01 N N 97 NA 79 -
95 FRALLE Y Y 66 28, 34 NA -
159 FRALLE Y Y 81 10, 13 NA -
194 DFCI 95-01 N N 152 NA 213 -
195 DFCI 95-01 N N 105 NA 29 -
200 DFCI 95-01 N N 112 NA 89 -
210 DFCI 95-01 N N 205 NA 39 -
231 DFCI 95-01 N N 216 NA 214 -
324 DFCI 95-01 Y N 86 0, 135 NA Immature
340 DFCI 95-01 N N 117 NA 193 Mature
341 DFCI 95-01 N N 191 NA 193 Mature
432 DFCI 2000-01 Y Y 176 14 NA Immature
437 DFCI 2000-01 N N 151 NA 125 Mature
544 DFCI 2000-01 N N 137 NA 113 Mature
547 DFCI 2000-01 Y Y 180 9 NA Mature
636 DFCI 2000-01 N N 179 NA 132 Mature
647 DFCI 2000-01 N N 68 NA 132 Mature
693 DFCI 2005-01 N N 162 NA 120 Mature
706 DFCI 2005-01 N N 162 NA 101 Immature
716 DFCI 2005-01 Y Y 12 19 NA Immature
727 DFCI 2005-01 N N 203 NA 98 Mature
743 DFCI 2005-01 N N 152 NA 88 Mature
744 DFCI 2005-01 N N 178 NA 76 Mature
748 DFCI 2005-01 N N 192 NA 40 Immature
759 DFCI 2005-01 N Y 192 NA 6 Mature
791 DFCI 2005-01 Y N 195 57 NA ETP-ALL
849 DFCI 2005-01 N N 68 NA 46 Mature
879 DFCI 2011 Y N 137 32 NA ETP-ALL
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S1 Table. List of Informative antigenic determinants. 
 
879 791 432 748 324 706 716 743 727 744
CD1 0 0 0 0 94 20 19 63 95 66
CD2 0 0 98 94 78 98 98 92 99 0
CD3 0 10 0 0 0 0 0 82 14 89
cCD3 low 71 NA NA NA NA NA NA NA NA
CD4 0 2 0 0 0 35 NA 15 65 67
CD5 0 70 98 93 93 98 96 91 98 99
CD7 95 97 98 90 86 97 97 83 NA 99
CD8 0 0 0 0 0 0 NA 0 94 11
CD10 0 22 0 0 0 0 0 0 NA 0
CD33 0 63 0 0 0 0 0 0 NA 0
CD34 45 27 0 0 66 79 46 18 0 40
HLADR 95 0 96 0 0 0 0 0 0 0
CD11b 0 23 NA NA NA NA NA NA NA NA
CD13 40 0 0 0 0 0 0 0 NA 0
759 693 849 547 437 544 340 341 636 647
CD1 19 95 23 25 95 32 65 0 95 92
CD2 69 38 80 99 98 98 54 98 99 99
CD3 0 9 0 0 16 0 98 0 92 0
cCD3 NA NA NA NA NA NA NA NA NA NA
CD4 93 99 96 70 76 47 49 79 82 0
CD5 74 28 79 98 95 36 91 97 92 98
CD7 88 98 76 98 97 100 99 99 98 99
CD8 64 48 96 70 60 0 25 86 0 94
CD10 25 89 0 0 47 0 57 20 NA 96
CD33 0 0 0 0 0 0 0 52 0 0
CD34 60 0 NA 13 0 0 11 0 0 0
HLADR 0 0 0 0 0 0 0 0 0 0
CD11b NA NA NA NA NA NA NA NA NA NA
CD13 0 0 0 0 0 0 0 0 0 0  
 
Values are percentages of positive leukemic cells for each determinant. 
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S2 Table. Gene expression for the classification of the 2 ETP T-ALL cases. 
 
Informative markers were selected based on previously published classification criteria [1, 2, 
9]. Reads Per Kilobase per Million mapped reads (RPKM) obtained from RNA sequencing 
data (Illumina HiSeq 2500 System) using the R bioconductor package edgeR (Methods). 
Gene name Annotation transcript RPKM (791) RPKM (879)
TAL1 ENSG00000162367.6 976.8 2291.2
GFRA4 ENSG00000125861.10 0.0 0.0
STAT5A ENSG00000126561.11 3364.3 4778.2
SIX6 ENSG00000184302.6 0.0 1.1
NKX3-1 ENSG00000167034.9 840.6 131.6
LCK ENSG00000182866.12 1239.5 389.5
CD1A ENSG00000158477.6 202.5 17.3
CD4 ENSG00000010610.5 63.2 308.1
CD5 ENSG00000110448.6 135.2 219.9
CD8A ENSG00000153563.11 98.0 337.8
CD44 ENSG00000026508.11 882.6 415.8
RAG1 ENSG00000166349.5 32.5 31.4
IGFBP2 ENSG00000115457.5 43.1 21.9
MKI67 ENSG00000148773.8 937.3 862.4
H2AFX ENSG00000188486.3 4004.2 8216.2
CCNB2 ENSG00000157456.3 468.7 344.0
TOP2A ENSG00000131747.10 2993.4 663.0
CCNA2 ENSG00000145386.5 1671.5 696.0
GMNN ENSG00000112312.5 354.3 564.6
NOTCH3 ENSG00000074181.4 17.7 18.5
PTCRA ENSG00000171611.5 17.2 11.8
MME ENSG00000196549.6 6.3 23.6
PIM1 ENSG00000137193.8 7148.6 13128.9
NOTCH2 ENSG00000134250.12 294.4 378.6
HOXA1 ENSG00000105991.7 68.7 52.7
HOXA2 ENSG00000105996.5 98.4 134.9
HOXA4 ENSG00000197576.8 5.0 170.1
HOXA5 ENSG00000106004.4 5285.2 2351.6
HOXA6 ENSG00000106006.5 252.6 213.8
HOXA7 ENSG00000122592.6 285.9 130.9
HOXA9 ENSG00000078399.11 1069.4 1270.6
HOXA10 ENSG00000253293.3 1092.9 430.6
HOXA11 ENSG00000005073.5 1221.7 27.0
HOXA13 ENSG00000106031.6 10.8 281.4
BMI1 ENSG00000168283.8 2997.0 978.4
TLX3 ENSG00000164438.5 16.1 0.0
LMO2 ENSG00000135363.7 620.9 2158.2
FLT3 ENSG00000122025.10 152.1 189.1
TGFB1 ENSG00000105329.5 217.5 2276.1
LYL1 ENSG00000104903.4 6740.3 14420.1
BCL2 ENSG00000171791.10 159.3 110.6
MEIS1 ENSG00000143995.13 240.2 210.6
LYN ENSG00000254087.2 240.4 447.3
GATA2 ENSG00000179348.7 261.6 3431.7
CEPBA ENSG00000245848.2 22.9 8.5
ID2 ENSG00000115738.5 1510.9 911.0
MYB ENSG00000118513.14 5741.6 3248.7
CDKN2A ENSG00000147889.12 40.9 23.5
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To be considered as damaging (D), mutations had to present a CHASM false discovery rate 
(Benjamini and Hochberg’s adjusted FDR) ≤0.2, a MutationTaster score >0.9, a Polyphen2 
score >0.909 or a Sift score ≤0.05. Mutations presenting a Polyphen2 score between 0.447 
and 0.909 were considered as possibly damaging (P). For each algorithm, mutations that did 
not meet the respective filtering criteria were annotated as tolerated (T). aGenes categorized 
as tumor suppressor (TSGs) or oncogenes using an adapted version of the 20/20 rule 
previously published [10];bEvent identified by cytogenetic assays only; cEvent imputed from 
genotyping data. dVariant allele frequency (VAF) obtained from RNA-seq data. Adj. VAF: 
variant allele frequency adjusted according to either tumor purity (blast count) or from 
genotype profiles using ASCAT (when available). Slash bars separate VAFs at diagnosis and 
relapse for a variant when appropriate; WGG: whole genome genotyping; WES: whole exome 
sequencing; TS: targeted sequencing; Chr: chromosome; Ref: reference allele; Alt: 
Alternative allele; AA: amino acid; SNV: single nucleotide variant; SI: small indel; CNV: copy 
number variant; LOH: loss of heterozygosity; (-): not applicable. 
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 S4 Table. Additional cohort of 8 adult relapsed T-ALL patients. 
 
ID Immunophenotype
P1 cCD3+, CD3-, CD7+, CD11b+,CD13+, CD19-, cCD22-, CD33+ (subset), CD34+, cCD79a+, CD117+
P1 CD1a-, CD2-, cCD3+, CD4-, CD5-, CD7+, CD8-, CD10-, CD33+, CD34+, CD45+
P2 CD1a+, CD2-, cCD3+, CD3+, CD4+, CD5+, CD7+, CD10+
P2 NA
P3 CD1a+, CD2+, cCD3+, CD3+, CD4+, CD5+, CD7+, CD8+, CD34+
P3 CD2+, CD3+, CD5+, CD7+, CD52+,  CD34-, CD10-,
P4 CD2+, cCD3+, CD5+, CD7+, CD10+, CD19-, CD34+
P4 CD2+, CD5+, CD7+, CD10+, CD34+
P5 CD1a+, cCD3+, CD4-, CD5+, CD7+, CD8-, CD11b+, CD33+, CD34+, CD79a+, CD117+
P5 CD3-, CD7+, CD33+, CD34+
P6 CD1a-, CD2+ (subset), CD3+, CD4-, CD5-, CD7+, CD8-, CD19+, CD33+ (minor subset), CD34-, CD56-, cCD79a+, CD117-
P7 cCD3+, CD7+, CD13+, CD19+, CD34+














P8 NA  
 
BM: bone marrow, PB: peripheral blood, NA: not applicable or not assessable. 
ID Sample Material Sex Age at diagnosis (years)
P1 diagnosis BM F 73
P1 relapse BM F 73
P2 diagnosis PB M 22
P2 relapse PB M 22
P3 diagnosis PB M 18
P3 relapse/resistant PB M 18
P4 diagnosis PB F 62
P4 relapse/resistant BM F 62
P5 diagnosis PB M 22
P5 relapse PB M 22
P6 relapse PB F 32
P7 relapse BM M 37
P8 relapse PB M 30
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S5 Table. List of primers.   
 
Name Forward / Reverse Sequence 5’-3’ Use
NOTCH1E34aF Forward TGTTTTAAAAAGGCTCCTCTGG Sequencing
NOTCH1E34aR Reverse GCAGCATGGCATGGTAGG Sequencing
NOTCH1E34bF Forward GTTTGCTGGCTGCAGGTT Sequencing
NOTCH1E34bR Reverse GAGTCACCCCATGGCTACCT Sequencing
NOTCH1E26F Forward GAGTTGCGGGGATTGACC Sequencing
NOTCH1E26R Reverse GCAGTTCTAAGGCTCTGCTCA Sequencing
NOTCH1E27F Forward GGGTAGCAACTGGCACAAA Sequencing
NOTCH1E27R Reverse GTCCTGACTGTGGCGTCAT Sequencing
U2AF1_F1 Forward GCGATGTGGAGATGCAGGAA Sequencing
U2AF1_R1 Reverse GCAGCAGGCTTCTCTGAAGT Sequencing
U2AF1_g104t_sens Reverse CGGTTTATTGTGCAACAGAGAGCACCTGTCTCC Mutagenesis
U2AF1_g104t_as Forward GGAGACAGGTGCTCTCTGTTGCACAATAAACCG Mutagenesis
MED12_EX1_F Forward CGGGATCTTGAGCTACGAACA PCR
MED12_EX3_R Reverse GGTTCACTTGGGGCTTCCTG PCR
CDKN2A_F Forward CAGAGACCATGAGCCAAGGA PCR
CDKN2A_R Reverse TCTACTTCCACCATGCAGCA PCR
BCOR_Fa Forward GACAGCAGCCACACTGAGAC PCR
BCOR_Ra Reverse TCTTCCGACCAGCTTCTGTT PCR
KMT2D_Fa Forward GTGCCCGATCAGAGCCTAA PCR
KMT2D_Ra Reverse GCTGGTGCTGTTCAGGGTAT PCR
USP9X_RT_F Forward TGGGTTATTCCCGCACTGAA Quantitative PCR
USP9X_RT_R Reverse GGGGACTTCGCTGAGTTTGA Quantitative PCR
PHF6_RT_F Forward AGGCACGAAGCTGATGTGTT Quantitative PCR
PHF6_RT_R Reverse TCCTTGTGAAGGTTTCTCTCGT Quantitative PCR
MED12_RT_F_EX31 Forward TGCTAAACTGCCCACCTCAG Quantitative PCR
MED12_RT_R_EX32 Reverse AAGGGCTGCTGGCTCAATAG Quantitative PCR
U2AF1_RT_F Forward CGGAGTATCTGGCCTCCATC Quantitative PCR
U2AF1_RT_R Reverse TCAAGAGGGCAATGGTCTGG Quantitative PCR  
 
aFrom Shirai et al., Cancer Cell, 2015 [11]. 
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“Cancer clone evolution takes place within tissue ecosystem habitats which have themselves 
evolved over a billion years. Their complex anatomies and networked signals have evolved to 
optimise and integrate multi-cellular functions whilst restraining renegade clonal expansion. 
The balance however is delicate as the resilience of multi-cellular and long-lived animals such 
as ourselves depend upon the very phenotypic properties that, if not tightly regulated, drive or 
sustain malignancy. […] Tissues provide the context for cancer cell evolution. The usually 
protracted time required for the clinical emergence of cancer and the resultant mutational 
complexity often reflect the sequential and random ‘searches’ for phenotypic solutions to 
micro-environmental constraints. […] Oncologists change cancer clone dynamics dramatically 
by introducing a new potent source of ‘artificial’ selection – with drugs or radiotherapy. But 
similar evolutionary principles apply. Massive cell death will usually ensue providing selective 
pressure for the proliferation of variant cells that can, by one of several mechanisms, resist 
therapeutic oblivion.” 
       
  - Mel Greaves and Carlo C. Maley, Nature 2012 [13] 
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Childhood acute lymphoblastic leukemia (cALL) is the most frequent pediatric cancer. 
Refractory cALL presents a long-term survival rate of about 45% and is one of the leading 
causes of death by disease among children. Mechanisms such as clonal competition and 
evolutionary adaptation govern treatment resistance. However, the underlying clonal 
dynamics leading to multiple relapses and differentiating early (<36 months post-diagnosis) 
from late relapse events remains elusive. Here, we use an integrative genome-based 
analysis (whole-genome- and whole-exome-sequencing) combined to serial sampling of 
relapsed tumors (from primary tumor to up to four relapses events) from 19 cALL patients (8 
early and 11 late relapses) to assess the fitness of somatic mutations and infer their ancestral 
relationships. By quantifying both general clonal dynamics and newly acquired subclonal 
diversity, we show that two distinct evolutionary patterns govern either early or late relapse: 
on one hand a highly dynamic pattern, sustained by a putative defect of DNA repair 
processes, illustrating the quick emergence of fitter clones - and on the other hand, a quasi-
inert evolution pattern suggesting the escape from dormancy of neoplastic stem cells likely 
spared from initial cytoreductive therapy. These results offer new insights into cALL relapse 





5.4. Introduction  
Childhood acute lymphoblastic leukemia (cALL) is the most frequent pediatric cancer, 
accounting for ~25% of all cases [1]. Despite improved treatment strategies, 10% of patients 
are either refractory or ultimately relapse, making cALL the second cause of cancer-related 
mortality amongst children and adolescents [2-5]. This highlights the pressing need for new 
therapeutic alternatives. These can be achieved through in-depth investigation and thorough 
understanding of the genetic architecture and mutational dynamics leading to clonal evolution 
of cALL and its relapse. 
 
Tumor plasticity, based on the random accumulation of somatic mutations combined with 
external pressures, such as chemotherapy, is a breeding ground for clonal competition and 
evolutionary adaptation leading to treatment resistance [6,7]. Over the past few years, next-
generation sequencing (NGS) data have provided useful information toward the 
characterization of these evolutionary processes and the identification of somatic events 
providing selective advantages. In the context of hematological malignancies, mutations in 
the RAS pathway genes have been associated with early relapse and chemoresistance in 
cALL [8]. Hyperdiploid leukemia cells mutated for the histone acetyltransferase (HAT) CREB-
binding protein (CREBBP) were identified in glucocorticoid resistant patients [9,10] and the 
mutated cytosolic 5'-nucleotidase II gene (NT5C2) was shown to be involved in resistance to 
treatment using nucleoside analogue therapies [11,12]. Such studies indicated that treatment 
could either lead to the eradication of non-resistant clones and the emergence of fitter and 
more aggressive subclones or, in rarer cases, to the persistence of an already existing 
resistant and dominant clone [13-17]. 
 
Although important, these studies generally offered only snapshots of tumors and therefore 
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failed to capture the complexity of their temporal evolution [6]. The latter is essential to 
decipher the full spectrum of therapeutic failure determinants. Furthermore, early cALL 
relapses, occurring during the treatment period, and late relapses, occurring at least 36 
months after the initial diagnosis are likely to present different evolutionary mutational 
processes. However, large scale genomic studies have thus far focused on early events only 
[13] and did not address the yet elusive origin of long-term cALL relapses. 
 
To decipher the full spectrum of somatic events that lead to treatment failure in cALL and 
shed light on the spatio-temporal clonal evolution of cALL relapse, we used whole genome 
(WGS, 80X) and whole-exome sequencing (WES, 200X) on a series of primary tumor (PT) 
samples and multiple relapses (up to four - R1 to R4) from 19 pre-B cALL patients. Based on 
VAFs (variant allele frequencies) analysis, we inferred the global clonal population 
frequencies as well as evolutionary or ancestral relationships. By dividing our cohort in either 
early (<36 months post-diagnosis, n =8) or late bone marrow relapse event (n =11), we 
successfully captured significantly different clonal dynamics and showed a variable clonal 
origin of late relapse events. This study is the first to use serial sampling to show the 
difference of clonal evolution in late versus early pre-B cALL relapses. 
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5.5. Results 
5.5.1. The genomic landscape of pre- and post-treatment cALL 
A collection of 63 samples from 19 pre-B cALL patients who suffered at least one relapse 
event were collected at diagnosis (primary tumor) and relapse (Table 1). Patients were all 
treated under DFCI protocols (Table 1). To investigate the temporal evolution of the tumors, 
we performed serial sampling of 7 of the 19 cases who suffered multiple relapse events (2 to 
4 events). Matched normal material, collected at remission, was used as germline reference. 
Five cases presented a normal karyotype at diagnosis while only 2 remained normal at 
relapse. Two translocations t(9;14)(p13;q32) and t(11;19)(q23;p13.1), involving PAX5/IGH 
and KMT2A/ELL genes respectively, were identified at diagnosis (cases 382 and 808) and 
persisted at relapse (Table 1). Additional rearrangements (t(7;11)(q32;q14), 
t(1;7;11)(q21;q32;q14), t(12;14)(q12;q11) and t(16;Y)(q24;q11.2)) were gained at relapse for 
3 cases (64, 217 and 382). Finally, 6 patients presented an hyper- or hypodiploidy at both 
diagnosis and relapse (Table 1). 
 
Using deep WES (200X) and/or WGS (80X) associated with a strict data reduction strategy 
(S1 Fig, Methods), we generated a comprehensive repertoire of somatic mutations including 
single nucleotide variants (SNVs), insertions/deletions (indels) (Figure 1 and S1 Table) and 
copy number variants (CNVs) for each patient (Figure 1 and S2 Table). We completed and/or 
validated the DNA copy-number alterations data, the tumor purity (percentage of cancer cell 
in a sample) and the genome ploidy obtained from the clinic using the available whole-
genome genotyping (WGG) data (Table 1, S1 Fig, Methods). Notably, recurrent CNVs were 
identified in the well-known tumor suppressor genes CDKN2A (n =4), WHSC1 (n =4), PAX5 
(n =3), RUNX1 (n =3) and IKZF1 (n =2) (Figure 1 and S2 Table). 
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Variant allele frequencies (VAFs) were calculated from the distribution of reads either 
supporting the mutated or the reference allele. As suggested by the comparison of VAFs 
obtained for a series of samples for which both WES and WGS were performed (n =4, 325 
PT/R1 and 579 PT/R1), the sequence capture had limited influence on read distributions with 
a Pearson’s correlation coefficient of 0.80, 0.81 and 0.81 for mutations presenting a coverage 
depth of 20X, 30X and 40X, respectively (S2 Fig). A mean number of 145 (range 5-1,852) 
and 891 (range 8-9,985) coding somatic mutations (including non-synonymous SNVs, in-
frame and frameshift indels as well as mutations located in splicing sites) were identified per 
primary tumor (PT) and first relapse event, respectively (S3 Table), of which 68% and 52% 
(mean values) were considered as subclonal (VAFs adjusted for tumor purity <0.30, S3 
Table). While a mean of 1,168 mutations (range 7-9,980) were event-specific (S3 Table), on 
average, 26 and 46% of coding mutations were persistent between PT/R1 and R1/R2, 
respectively, with ancestral mutations maintained during tumor evolution (S3 Table). All 
patients presented shared mutations between the PT and subsequent events, suggesting a 
common ancestral origin of lymphoblasts as previously reported [13,18]. 
 
The number of coding mutations, progressively increased at each relapse event. For 
example, a total number of 36, 48, 60, 911 and 963 mutations were identified in PT, R1, R2, 
R3 and R4 of the case 325 (S3 Fig and S3 Table). Non-synonymous SNVs, including 
missense and nonsense variants, were the prevalent class of mutation in all events and for all 
cases (S3 Fig). No significant differences in the distribution of mutation classes were 
observed for different subtype of cases (i.e. one vs. multiple events, survival vs. death, early 
vs. late event and non-refractory vs. refractory (S3 Fig)). Five relapse events (325 R3, 579 
R2, 684 R2, 772 R2 and 808 R1) carried more than 10 times the number of coding mutations 
identified in the precedent event and were considered as hypermutable (S3 Table). All tumors 
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presenting these particular events were either refractory or suffered multiple relapse events 
(Table 1). The hypermutator phenotype in patient 325 was likely explained by the acquisition 
at R3 of a homozygous loss of function mutation in the mismatch repair endonuclease PMS2 
(p.R134*, VAF =0.77) which presented a modest positive drift at R4 (VAF =0.85, Figure 1 and 
S1 Table). Of note, hypermutated cases 684, 772 and 808 were the only patients of this 
cohort to harbor a p.G39E germline polymorphism (rs1042821) in the DNA repair gene 
MSH6, a known biomarker of Lynch syndrome [19-21] that is associated with an increased 
risk of several cancer types [22]. Case 808 also carried the rs10254120 polymorphism 
(p.R20Q) in PMS2 previously associated with reduced apoptotic function [23]. The mutation 
spectra of the 5 hypermutable cases revealed an important increase of transition mutations 
(A(T)>G(C) and C(G)>T(A)) from PT (mean percentage of total spectrum =29%) to the 
hypermutated event (72%) (S4 Fig), further highlighting a defective DNA repair mechanism. 
Except for these particular cases, no significant shift in mutation number was observed (S3 
Table). 
 
Putative driver mutations were grouped into relevant signaling (Methods, Figure 1, S1 Table 
and S2 Table) and treatment pathways (Methods, S5 Fig, S1 Table and S2 Table). Six 
signaling pathways were identified as recurrent targets of somatic mutations: Epigenetic 
regulation (n =18 mutated genes), Hemopoiesis - Immune system development (n =9), MAP 
kinase - RAS signaling (n =7), DNA repair (n =6), Transcription regulation (n =7) and Cell 
cycle (n =5) (Figure 1 and S1 Table). Epigenetic regulation and MAP kinase - RAS signaling 
were the pathways showing the highest mutation rates with, overall, 84.2 and 78.9% of 
patients presenting at least one altered gene respectively. This included well-known relapse 
driver genes such as CREBBP (n =5 cases mutated), WHSC1 (n =5), KRAS (n =8) and 
NRAS (n =6) [8-10,13]. Interestingly, epigenetic regulation and MAP kinase - RAS signaling 
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showed numerous putative driver events yet counter-selected at relapse such as KDM6A 
p.R519*, ARID1A p.L1831V, KRAS p.G12D and p.K117N, NRAS p.G12S, p.G12A, p.G12D, 
p.G13D and p.Q61K and FLT3 p.D835Y (13/47 mutations vs. 3/36 in other pathways, Figure 
1 and S1 Table). Other pathways presented a limited number of somatic mutations but mainly 
selected at relapse (including mutations that positively shifted and relapse-specific mutations, 
Figure 1 and S1 Table). Of note, altered NT5C2 was limited to one case only (S5 Fig and S1 
Table), which is contradictory with previous reports identifying this gene as frequently 
mutated in relapsed cALL [11,24]. A mean of 3.0 relapse-specific mutations (range 0-16) was 
identified per case and while each pathway showed a significant proportion of relapse-
specific mutations (range 22.2-75.0%), most mutations identified in MAP kinase - RAS 
signaling were already present at diagnosis (8.7% - 2/23 relapse-specific mutations, Figure 1 
and S1 Table). Multisubclonal hits in 5 genes (KDM6A, SETD2, NRAS, NR3C1 and TP53) 
were identified in 4 early relapse cases (325, 382, 447 and 772) and one late relapse patient 
(659) (Figure 1 and S1 Table). Apart from the mutations in NR3C1 (p.D724E and p.Y641H) 
and KDM6A (p.R1351*) selected at the expense of co-occurring mutations (p.P626S in 
NR3C1 and p.R519* in KDM6A), all multisubclonal mutations either persisted (TP53 
p.R273H, p.R273C and p.Y236C in case 325) or underwent counter-selection in following 
events (NRAS p.G12S and p.G13D in case 447, NRAS p.G12A and p.G12D in case 659, 
Figure 1 and S1 Table).  
 
Early and late relapse cases showed comparable distributions of mutations in the pathways 
of interest. An overall limited excess of early relapse cases were identified as mutated for four 
of the six pathways: 100 vs. 72.7% of mutated cases for the epigenetic regulation, 75.0 vs. 
54.5% for hemopoiesis - immune system development, 87.5 vs. 72.7 for MAP kinase - RAS 
signaling and 62.5 vs. 36.4% for cell cycle. A strong yet non-significant effect was observed 
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for the DNA repair signaling with 62.5% of early relapse cases mutated compared to only 
18.2% of patients with late relapses (odds =6.6, p-Value =0.07, two tailed Fisher's Exact test). 
Of note, 4 of the 5 early relapse cases that harboured DNA repair pathway mutations carried 
these mutations within the dominant clonal population. In the late relapse group, one of the 2 
mutations identified in this pathway was subclonal. 
 
5.5.2. Early and late cALL relapses show different clonal dynamics 
To evaluate the influence of tumor plasticity on outcome, we divided our patients into groups 
according to their progression-free survival (early vs. late event), their response to treatment 
(non-refractory vs. refractory) and their survival status. A “dynamic mutation rate” (number of 
dynamic mutation per Mb per day), considering only mutations showing significant variant 
allele frequency (VAF) shifts, was calculated for each relapse (Methods). Each value was 
representative of the clonal dynamics of a tumor between two events (either PT vs. R1 or 
R(n) vs. R(n+1)) (Figure 2). Based on this method, we identified marked reduction in clonal 
dynamics in late relapses (>36 months post diagnosis) compared to early relapse events (p 
=0.0094, WES data, Mann–Whitney U test) and for non-refractory compared to refractory 
events (p =0.0473) (Figure 2). Regarding early vs. late relapses, the same pattern was 
observed using WGS data (p =0.0079, S6 Fig). Of note, the absolute number of somatic 
mutations was not significantly different between early and late relapse groups (p =0.8687 
and 1 for primary tumors and relapses respectively, Mann–Whitney U test). These results 
illustrate the plasticity of the earliest events, with rapid clonal switches over short periods of 
time (e.g. case 808 with 1.4E-01 mut/Mb/day or case 325 with 4 relapse events presenting a 
mean dynamic mutation rate of 2.3E-02 mut/Mb/day), while certain late events showed very 
long-term and quasi-inert relapses (e.g. case 34 with 1.3E-04 dynamic mutations per MB per 
day). Interestingly, a similar trend of reduced clonal dynamics was observed in WGS data for 
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relapse events of patients who survived compared to those who did not (p =0.0159, S6 Fig). 
We also observed a progressive increase of dynamics at each new relapse event for the 
same patient (case 325, Figure 2). To investigate the impact of clonal dynamics on event free 
survival from diagnosis (PT to R1), we separated our cases into two groups of low and high 
clonal dynamics based on the median dynamic mutation rate value. Cases with higher clonal 
dynamics had significantly shorter event free survival (p =0.0067, Chi-square test, Figure 3). 
 
Based on the assumption that subclonal diversity plays a central role in therapeutic failure 
and relapse [6,15,25], we also quantified the number of newly acquired subclonal mutations 
at each event. The calculated “subclonal mutation rate”, representative of the general 
subclonal expansion at each event, revealed the exact same pattern as reported above with 
significantly reduced subclonal expansion in late events compared to early events (p =0.0053 
and p =0.0317 for WES and WGS data, respectively, S7 Fig and S8 Fig) and in non-
refractory compared to refractory events (p =0.0022, WES data, S7 Fig). Again, cases who 
acquired a larger of subclonal mutations were also the ones who did not survive (p =0.0159, 
WGS data, S8 Fig). 
 
5.5.3. Clonal evolution of early and late cALL relapses 
We observed extreme clonal dynamics phenotypes. While certain early relapse cases 
showed multiple rapid and important switches of predominant clonal populations between 
events, some late relapse patients retained a clonal architecture that was similar to the 
structure of their PT. Based on the analysis of somatic VAFs in loss of heterozygosity (LOH)-
free regions of the genome [26], we inferred the number of subclones and tracked their 
dynamic over the time (Figure 4). We also constructed clonal trees to determine the ancestral 
relationships between somatic mutations (Figure 4) [27]. We illustrated these contrasting 
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clonal evolution phenotypes using three particular cases presenting either a late (34) or an 
early event (325 and 62, Figure 4). 
 
Both patients 34 and 325 were males diagnosed with a normal 46,XY karyotype pre-B ALL at 
>10 years of age, and were therefore classified as “high risk” by the clinic. Patient 62 was a 
male diagnosed with a hyperdiploid karyotype (54,XY,+4,+6,+8,+10,+14,+17,+18,+21) at 29 
months old and was considered as presenting a “standard” risk. Although case 34 presented 
the longest period before relapse (close to 6 years, Table 1), he also showed the slowest 
evolving tumor of our cohort (Figure 3). He achieved complete remission (bone marrow blasts 
<5%) after treatment of both PT and relapse. As for case 325, one of the patients presenting 
a hypermutator phenotype, he presented a first and early relapse event less than a year after 
PT (day 306) followed by multiple relapse events (R1 to R4) at days 412, 721 and 762 post-
diagnosis (Table 1) and did not survive the last relapse event. With a relapse occurring 1,025 
days after PT, case 62 was the last patient of the early event group (Table 1). He showed the 
slowest evolving tumor of this group (S6 Fig) and presented an overall number of mutation 
comparable to patient 34 (S3 Table). He also achieved complete remission after the second 
therapy. 
 
Case 34 showed an almost perfect clonal equilibrium with the exact same tumor architecture 
reoccurring 6 years post-diagnosis (Figure 4A and 4B). Six clusters of clones were detected. 
An ancestral clone (clone 1), containing the driver mutation NRAS p.G12D, was predominant 
at PT. Clone 2, descendant of clone 1, harbored a nonsense mutation (p.W2006*) in the 
tumor suppressor gene MLL2/KMT2D and became predominant at relapse (VAFPT =0.31, 
VAFR1 =0.55). This was the only dynamics observed between the two events. A very 
subclonal mutation in the oncogene KRAS was detected at diagnosis and rose again at late 
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relapse with a similar frequency (VAFPT =0.03, VAFR1 =0.05), further highlighting the inertia 
of this tumor. Clonal evolution in this patient was reminiscent of an escape from long-term 
dormancy of pre-malignant neoplastic stem cells that also initiated the primary leukemia. 
While this patient was the most extreme example of long-term clonal equilibrium and the only 
case that presented the same clonal architecture at diagnosis and relapse, all late relapses 
presented common mutations with primary tumors (S3 Table). 
 
On the other hand, with more than 25 SNVs/indels identified in tumor suppressors, 
oncogenes and treatment related genes, case 325 presented a complex clonal architecture 
composed of 9 subclones spatially evolving over the 5 sequenced time-points (Table 1 and 
Figure 4C). The PT architecture showed a very close structure to that observed at R1 with a 
persistent ancestral subclone (clone 4) and a similar distribution of subclones (Figure 4C and 
4D). Notably, in clone 4, we identified a MAKP pathway activating mutation p.A72D in the 
SH2 domain of the oncogene PTPN11 [28] that was subclonal at diagnosis (VAF =0.23), 
selected at R1 (VAF =0.49) and remained dominant at the 3 subsequent time-points (VAF 
=0.52, 0.51 and 0.47 in R2, R3 and R4, respectively). We also observed the loss of several 
subclonal mutations in driver genes in R1 that were counter-selected after treatment such as 
KRAS p.K117N (VAFPT =0.16 and VAFR1 =0.003) and SETD2 p.R456* (VAFPT =0.24 and 
VAFR1 =0). A missense mutation in the glucocorticoid receptor NR3C1 (p.P626S) that 
emerged at R1 (VAF =0.22) and further expanded at R2 to become predominant (VAF 
=0.42). A mutation of this proline residue, located in the hydrophobic core after the receptor 
dimerization, was previously reported to decrease the transactivation by glucocorticoids by 
95% [29]. However, NR3C1 p.P626S was counter-selected at R3 (VAF =0), during the most 
important changes in this tumor history, and was replaced by two co-occurring mutations in 
NR3C1 (p.Y641H, VAF =0.50 and p.D724E, VAF =0.53) that were also located in the steroid-
 241 
binding domain and limited to the newly dominant clone 5. This clone, descendant of 
ancestral clone 4, acquired an homozygous loss of function mutation p.R134* in the DNA 
repair gene PMS2 likely causing the hypermutable phenotype of R3, which presented over 15 
times more somatic mutations than R2 (S3 Table). Clone 5 also carried several mutated 
driver genes providing a fitness advantage to the cells such as CREBBP (p.Y1503H), IKZF1 
(p.F173L), MLL3/KMT2C (p.R2609*) and SRSF2 (p.G12S). This led to the expansion of this 
clone at R3 which constituted the predominant population at both R3 and R4. Multiple minor 
subclones, descendant of clone 5 and harboring mutations in TP53 (p.R273H, p.R273C and 
p.Y236C), MSH6 (p.F573L) and WHSC1 (p.A457T), also emerged at R3 and were 
maintained as minor clones at R4. While case 325 did not present the highest evolutionary 
dynamics within this cohort (Figure 2), these multiple relapses in a short period of time 
illustrated the step-by-step replacement of the dominant clonal population to the benefit of a 
fitter clonal progeny under particular selective pressures such as chemotherapy. 
 
Finally, case 62 showed an intermediate phenotype with almost 50% of the mutations 
identified at diagnosis that persisted at relapse (S3 Table). Four clusters were identified 
(Figure 4E and 4F). The dominant population at relapse, probably pulled up by the driver 
mutation KRAS p.G12D (VAFPT =0.39, VAFR1 =0.55), harbored a series of newly acquired 
mutations partly belonging to cluster 3. Of note, a subclonal mutation (VAFPT =0.10) 
predicted to alter splicing in the HAT domain of the histone acetyl transferase CREBBP was 
identified. While the alteration of this domain is known to cause glucocorticoid resistance in 
leukemia [9,10], the mutation was lost at relapse (VAFR1 =0). Overall, although modest in 
comparison with other patients of the early relapse group, the clonal evolution pattern of 
patient 62 was still clearly distinguishable from the late relapse cases. 
 242 
5.6. Discussion 
We have performed a genomic analysis to build a comprehensive catalogue of somatic 
variations and to study the relapse evolutionary trajectory of 19 pre-B cALL patients 
presenting early and late relapses. In addition to the unique serial sampling design (up to 
five), to our knowledge, this study is the first to capture two clonal dynamics governing late 
and early relapses through the study of somatic allelic frequencies. The main limitation of this 
study is the depth of coverage; sequencing whole exomes and genomes as opposed to 
sequencing a panel of pre-selected genes was useful to avoid bias however it may have 
precluded full dissection of the subclonal architecture.  
 
Five of the six pathways identified as frequently targeted in our cALL cohort (Epigenetic 
regulation, Hemopoiesis - Immune system development, MAP kinase - RAS signaling, DNA 
repair and Cell cycle) confirmed their relapse driving potential [13]. While the JAK-
STAT/Hemopoiesis SH2B3 gene was found mutated in 2 cases (Figure 1 and S1 Table), the 
recently reported enrichment of mutations in the JAK-STAT pathway in relapsed cALL 
patients [13] was not observed in our study. With the rise and fall of numerous somatic 
mutations, epigenetic regulation and MAP kinase - RAS were the two most mutated (84.2 and 
78.9% of mutated patients, respectively) and dynamic signaling pathways. They perfectly 
illustrated the clonal competition for space and resources that occur in each tumor, 
particularly under external selective pressures such as chemotherapy. For example, in case 
325 we identified a p.A72D mutation in PTPN11 (MAP kinase - RAS pathway) contained in 
the predominant clone at diagnosis. This clone persisted all along tumor history despite the 
occurrence of several subclonal driver mutations in KRAS (p.K117N) or HRAS (p.F156L) that 
did not succeed to take over the major population. On the other hand, a mutational turnover 
was observed in case 579 where the dominant cell population harboring a p.D835Y FLT3 at 
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diagnosis (VAF =0.44) was progressively replaced by a subclone containing a p.G13D 
mutation in NRAS at R1 (VAF =0.16, p.D835Y FLT3 - VAF =0.30) which became the 
dominant clone at R2 (p.G13D NRAS - VAF =0.44, p.D835Y FLT3 - VAF =0) with no other 
mutation in the MAP kinase - RAS pathway. We also identified a mutational turnover of the 
glucocorticoid receptor NR3C1 with a succession and a co-occurrence of missense mutations 
(p.P626S, p.Y641H and p.D724E) in the dominant clone at R2, R3 and R4 of the case 325. 
Despite its limitation to a single case in this cohort and the need for further mechanistic 
characterization, the identified reduction of transactivation by glucocorticoids due to a 
mutation of the residue P626 in CV-1 cells [29] suggests a possible involvement in resistance 
to therapy and could explain the selection of mutations here. 
 
Interestingly, we found an overrepresentation of cases from the early relapse group with 
mutation in DNA repair genes (62.5% vs. 18.2% of late relapse group). Furthermore, almost 
only early relapses presented dominant mutations in this pathway. While this effect requires 
validations in larger cohorts, a defect in DNA repair process is in line with the fast 
evolutionary adaptability of most early relapses. We also identified 5 cases presenting a 
hypermutator phenotype of which, 3 belonged to the early relapse group and 2 to the late 
relapse group. The limited occurrence of this hypermutator phenotype (26% of the cohort) 
suggests that a strong accumulation of somatic mutations is not a prerequisite mechanism for 
the acquisition of resistance, however it obviously increases the odds of acquisition of 
advantageous mutations and allows a higher tumor plasticity, likely giving rise to highly 
resistant clones. Two such patients were refractory to therapy and none survived. Of note, all 
but one hypermutable event were at least second relapses. Only the refractory case 808 
presented this phenotype at R1. Loss of function of the DNA repair gene PMS2, found 
mutated in case 325, was likely responsible for this phenotype. This confirmed the recently 
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identified hypermutator potential of the loss of function of the mismatch repair endonuclease 
PMS2 [13], that until now was mostly known to cause Lynch syndrome via autosomal 
dominant inheritance of germline mutations [30]. 
 
We distinguished two general evolution patterns: a highly dynamic/adaptative clonal pattern 
specific to early relapses - illustrating the quick emergence of fitter clones and the eradication 
of other subclones - and a slow to quasi-inert evolution pattern associated to late events. By 
quantifying both the general clonal dynamics and the newly acquired subclonal diversity, we 
successfully captured the underlying differences of resistance mechanisms between these 
two types of pre-B ALL relapse. In the most plastic tumors, the accumulation of somatic 
mutations allows a rapid subclonal diversification and increases the chance of acquisition of 
resistant mutations. It leads to a post-chemotherapy turnover of predominant populations and 
to the selection of the fitter clone. In line with previous findings associating shorter remissions 
with the early presence of subclonal driver mutations in leukemia samples [15,24] or with the 
level of minimal residual disease levels on day 19 of remission induction [31], these results 
demonstrated that rapid subclonal expansion and high tumor plasticity are key determinants 
of a rapid cALL evolution and predictive factors of early therapeutic escapes. 
 
The significantly reduced dynamics of late events suggests a different mechanism of relapse, 
less likely relying on a mutation-based chemoresistance. While little is known regarding cell-
of-origin and process of long-term cALL relapses, recent studies failed to identify shared 
mutations (single-nucleotide and copy number variants) between diagnosis and late relapse 
[32] and have suggested that late relapse cells likely derive from stem cells of a minor clone 
at diagnosis [32,33]. However, all late events analysed here harbored common somatic 
alterations (SNVs and indels) with diagnosis. Furthermore, some of these cases presented a 
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majority of mutations with similar allelic frequencies in both primary and relapse leukemias, 
including clonal mutations. This implies that late relapses can derive from progeny of the 
predominant cell population at diagnosis. Overall, these results confirm a relapse mechanism 
based on the re-activation/re-expansion of dormant pre-malignant neoplastic stem cells 
spared from initial cytoreductive therapy because of their non-proliferative state rather than 
because of a genetic resistance. Chemosensitive primary tumors that showed no acquisition 
of resistant mutations at relapse, such as case 34, were also sensitive to second induction, 
further illustrating this therapeutic escape. In this case, additional investigations are needed 
to understand how the original clonal architecture was reproduced 6 years following the 
primary tumor.  
 
Though multiple factors including infection [34] have been proposed to explain the origin and 
condition of long-term re-emergence of quiescent or dormant cancer cells leading to late 




5.7. Materials and Methods 
5.7.1. Study subjects 
All study subjects were French-Canadians of European descent. Incident cases were 
diagnosed in the Division of Hematology-Oncology at the Sainte-Justine Hospital (Montreal, 
Canada) as part of the Quebec childhood ALL cohort (QcALL) [35]. This childhood B-ALL 
cohort (n=19) consisted of twelve males and seven females, with a mean age at diagnosis of 
6 years. Eight patients experienced an early relapse (<36 months post-diagnosis) after a 
median time of 16.7 months post-induction and eleven suffered a late event after a median 
time of 47.2 months. Overall, seven patients experienced multi-relapse events. Four cases 
were refractory to the first or the second chemotherapy induction (show no to limited 
reduction of tumor cells) and were resampled at a median time of 142 days after diagnosis or 
relapse. Twelve patients did not survive. 
 
5.7.2. Whole-exome/genome sequencingand variant identification 
Whole exome or genome sequencing were performed on 26 matched normal-primary tumor-
relapse/refractory material. DNA was extracted from bone marrow samples (at diagnosis and 
relapse) and peripheral blood samples (after remission or samples without blast cells for 
refractory cases) using standard protocols [36]. Whole exomes of twelve cases (34, 64, 325, 
382, 394, 445, 579, 684, 717, 772, 786 and 808) were captured in solution with Nextera 
Rapid Capture Exome Enrichment kits according to the manufacturer’s protocol and 
sequenced on HiSeq 2000/2500 (paired-end: 100x100 bp, mean coverage on targeted region 
= 200X). Exome reads obtained from HiSeq 2500 systems were aligned to the Hg19 
reference genome using Bowtie2 (version 2.2.3) [37]. Whole genomes of nine cases (62, 217, 
325, 391, 447, 579, 659, 690 and 764) were sequenced by Illumina, Inc. on HiSeq 2000 
(paired-end: 100x100 bp, mean coverage on targeted region =80X); resulting reads were 
 247 
aligned to the Hg19 reference genome using the Illumina Casava software. PCR duplicates 
were removed using Picard [38]. Genotype quality score recalibration was performed using 
the Genome Analysis ToolKit (GATK) [39]. Sequencing metrics were obtained using the 
DepthOfCoverage option in GATK. SNVs and small indels were called from Bam files using 
Strelka [40] (S1 Fig). CNVs were called using Varscan2 copyCaller option [41] (S1 Fig). If 
necessary, log R ratio distribution of copy neutral regions was recentered on 0 before the 
calling step. Varscan2 raw output was smoothed and segmented using the DNAcopy library 
of the BioConductor project. Putative CNVs were manually reviewed and checked against 
calls made from WGG, when available. Based on this comparison, filtering parameters 
(minimum read depth, lower and upper bound for log ratio to call amplification and deletion) 
were adjusted and extended to the whole data. 
 
5.7.3. Whole genome high-density SNV genotyping and copy number variant 
identification 
 
Normal, primary tumor and relapse of nine cases (62, 217, 325, 391, 447, 579, 659, 690 and 
764) were genotyped using Illumina’s HumanOmni 2.5-Quad or HumanOmni2.5-Octo SNP 
bead arrays (McGill University and Genome Quebec Innovation Centre, Montreal, Quebec). 
Extracted genomic DNA was processed according to the Illumina Infinium HD Assay Ultra 
protocol. BeadChips were imaged on Illumina's iScan System with iScan Control Software 
(v3.2.45). The Genotyping Module (Version 1.9.4) of the Illumina GenomeStudio software 
(V2011.1) was used for raw data normalization, genotype clustering and calling, with default. 
ASCAT version 2.2 [42] was used to evaluate the sample purity, to evaluate tumor ploidy and 
to identify tumor-specific copy number variants (CNVs) or copy-neutral loss of heterozygosity 




5.7.4. Variant annotation and prioritization of cancer driver gene mutations 
ANNOVAR (version 2015Jun17) [43] and Oncotator (version 1.5.3.0) [44] were used to 
annotate somatic splice site variants, non-synonymous SNVs and frameshift small indels (S1 
Table). Variants were queried against publically available datasets such as 1000 Genomes 
[45] and NHLBI GO Exome Sequencing Project (ESP) [46] to filter out common 
polymorphisms (minor allele frequency >0.01). We classified each mutated gene as either 
tumor suppressor genes (TSGs) or oncogenes based on Vogelstein's 20/20 rule [47] on 
COSMIC v72 data. The predicted functional impact of non-synonymous variants and small 
indels was assessed using Sift (version 1.03) [48], Polyphen2 (version 2.2.2) [49], 
MutationTaster 2 [50] (S1 Table) as previously described [51]. Finally, mutated genes were 
queried against relevant treatment pathways using the public pharmacogenomics database 
PharmGKB [52]. To identify candidate driver mutations, we filtered events and kept only 
somatic alterations that were: i) missense mutations predicted to be damaging by at least one 
of the prediction algorithms; or identified as recurrent in COSMIC v72; ii) splice site and 
nonsense mutations that were predicted to be damaging by MutationTaster and Sift, 
respectively; or located in a tumor suppressor gene; or identified as recurrent in COSMIC; iii) 
frameshift indels and deletions located in a TSG and gain of copies located in an oncogene; 
iv) located in recurrent targets (genes and pathways) or in relevant treatment pathways.  
 
5.7.5. Spatial and temporal analysis of clonal populations 
Clonal architecture was inferred from VAF measurements using Sciclone [25] with 
minimumDepth option =40 and 20X for WES and WGS, respectively (S1 Fig). To obtain a 
highest-confidence quantification of VAF and inference of clonality, CNVs were inputed to 
Sciclone which focuses on variants located in copy number aberration-free portions of the 
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genome. The evolutionary history and phylogeny of tumors were constructed using 
AncesTree (“alpha” option ≤0.45) [26] (S1 Fig). Analysis was also conducted on copy-number 
neutral regions of the genome. 
 
5.7.6. Dynamic and subclonal mutation rates 
We measured the “dynamic mutation rate” at each event (n) compared to the previous one 
(n-1). We calculated the shift of allelic frequency (ΔVAF) between n and n-1 for each mutation 
(SNVs or indels) located in diploid regions, as determined by CNV analysis: ΔVAF = 
VAF(n)−VAF(n−1). To exclude slight clonal drift, we only considered a mutation as “dynamic” 
if it presented a VAF shift value that was at least 2 standard deviations away from the 
average shift obtained for the considered event (ΔVAF): ΔVAF > ΔVAF+2σ. A “dynamic 
mutation rate” per event was then calculated by reporting the number of determined dynamic 
mutations per megabase (Mb) of sequenced regions (coverage >40X for WES, >20X for 
WGS) and per day since the last event. The “subclonal mutation rate” was calculated by 
considering the accumulation of newly acquired subclonal mutations at each event. Mutations 
with a VAF(n-1) =0 and an adjusted VAF(n) <0.3 (corrected for tumor purity) were considered 
as new and subclonal. Again these mutations were reported to the number of covered 
megabases and days since the last event. Kaplan–Meier survival analysis were conducted 















































































































































































































































































Figure 1. Overview of putative drivers (somatic SNVs, small indels and CNVs) identified 
among 19 childhood cALL patients and grouped into relevant signaling pathways. 
Genes (top) are ordered according to the number of events identified in the cohort 
(descending order from left to right). Pathways are ordered according to the number of genes 
identified as mutated (descending order from left to right). The color scale indicates the VAFs 
of SNVs and indels (from light green - VAF ≤0.1 to dark blue - VAF =1). CNVs are indicated in 
grey. Numbers in cells indicate the number of multiclonal mutations co-occurring in the same 
gene. PT: primary tumor; R1, R2, R3, R4: first, second, third and fourth relapse; SNV: single 





Figure 2. Early and late cALL relapses show different clonal dynamics. The “dynamic 
mutation rate” (number of dynamic mutation per Mb per day) was calculated from WES data 
by considering mutations showing a significant VAF shift only (Methods). Each value 
represents the clonal dynamics of a tumor between two events (either PT vs. R1 or R(n) vs. 
R(n+1)). Patients are divided into 6 panels depending on their survival or refractory status 
and on the delay before relapse events. R1 stands for the analysis of PT vs. R1, R2 for R1 
vs. R2, R3 for R2 vs. R3 and R4 for R3 vs. R4. The dynamic mutation rate was significantly 
reduced in late relapses compared to early events (p =0.0094, Mann–Whitney U test) and in 
non-refractory compared to refractory events (p =0.0473, Mann–Whitney U test). PT: primary 
tumor; R1, R2, R3, R4: first, second, third and fourth relapse; WES: whole exome 
sequencing; VAF: variant allele frequency; PT: primary tumor; R: relapse. 
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Figure 3. A higher clonal dynamics correlates with a shorter event free survival. Cases 
were divided into groups of low and high clonal dynamics based on the median dynamic 
mutation rate value. Kaplan-Meier curves estimating the relapse probability over time after 
the primary tumor were constructed according to the status of clonal dynamics. Solid and 
dashed lines stand for clonal dynamics over and under the median value, respectively. Cases 



























Figure 4. Clonal architectures and ancestral relationships of early and late relapses. 
Clusters were obtained using Sciclone (variational Bayesian mixture model)[25], for the 
patients 34 (A), 325 (C) and 62 (E), based on VAFs at PT (x axis) and R1 (y axis) or R(n) and 
R(n+1). Each dot stands for a mutation (SNVs or indels). Different clusters are depicted by 
different colors and dot shapes. Mutations of particular interest are annotated. Clonal trees 
depicting ancestral relationships between somatic mutations in patients 34 (B), 325 (D) and 
62 (F) were inferred using AncesTree [26] and are represented by black solid lines. Posterior 
probabilities of the ancestral relationships are indicated on the side of the black lines. Dashed 
lines show ancestral clones which existed at the time of sequencing. Each analysed sample 
is indicated in a colored box at the bottom of the trees. Colored lines indicate the inferred 
composition of clones and their fraction in each sample. PT: primary tumor; R1, R2, R3, R4: 




S1 Fig. Analysis workflow. SNV: single nucleotide variant; CNV: copy number variant; VAF: 
variant allele frequency; WES: whole-exome sequencing; WGS: whole-genome sequencing; 




S2 Fig. Correlation of VAFs between WES and WGS. VAFs obtained from a series of 
samples for which both WES and WGS were performed (n =4, 325 PT/R1 and 579 PT/R1) 
were compared. We observed a Pearson’s correlation coefficient of 0.80, 0.81 and 0.81 for 
mutations presenting a coverage depth of at least (A) 20X, (B) 30X and (C) 40X, respectively. 








S3 Fig. Distribution of somatic mutations according to their type. Patients are divided 
into 6 panels depending on their survival or refractory status and on the delay before relapse 
events. Blue circles stand for outliers. PT: primary tumor; R1, R2, R3, R4: first, second, third 




S4 Fig. Mutation spectra of 5 hypermutatable cases. PT: primary tumor; R1, R2, R3, R4: 
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S5 Fig. Overview of putative drivers (somatic SNVs, small indels and CNVs) identified 
among 19 childhood cALL patients and grouped into relevant treatment pathways. 
Genes (top) are ordered according to the number of events identified in the cohort 
(descending order from left to right). Pathways are ordered according to the number of genes 
identified as mutated (descending order from left to right). The color scale indicates the VAFs 
of SNVs and indels (from light green - VAF ≤0.1 to dark blue - VAF =1). CNVs are indicated in 
cyan. Numbers in cells indicate the number of multiclonal mutations co-occurring in the same 
gene. PT: primary tumor; R1, R2, R3, R4: first, second, third and fourth relapse; SNV: single 
nucleotide variant; CNV: copy number variant; VAF: variant allele frequency; CTX: 




S6 Fig. Early and late cALL relapses show different clonal dynamics (WGS). The 
“dynamic mutation rate” (number of dynamic mutation per Mb per day) was calculated from 
WGS data by considering mutations showing a significant VAF shift only (Methods). Each 
value represents the clonal dynamics of a tumor between PT and R1. Patients are divided 
into 4 panels depending on their survival status and on the delay before relapse events. R1 
stands for the analysis of PT vs. R1. The dynamic mutation rate was significantly lower in late 
relapses compared to early events (p =0.0079, Mann–Whitney U test) and for patients who 
survived compared to those who did not (p =0.0159, Mann–Whitney U test). PT: primary 





S7 Fig. Early and late cALL relapses show different subclonal expansion (WES). The 
“subclonal mutation rate” (number of newly acquired subclonal mutation per Mb per day) was 
calculated from WES data (Methods). Each value represents the subclonal expansion of a 
tumor between two events (either PT vs. R1 or R(n) vs. R(n+1)). Patients are divided into 6 
panels depending on their survival or refractory status and on the delay before relapse 
events. R1 stands for the analysis of PT vs. R1, R2 for R1 vs. R2, R3 for R2 vs. R3 and R4 
for R3 vs. R4. The subclonal expansion was significantly lower in late relapses compared to 
early events (p =0.0053, Mann–Whitney U test) and in non-refractory compared to refractory 
events (p =0.0022, Mann–Whitney U test). PT: primary tumor; R1, R2, R3, R4: first, second, 




S8 Fig. Early and late cALL relapses show different subclonal expansion (WGS). The 
“subclonal mutation rate” (number of newly acquired subclonal mutation per Mb per day) was 
calculated from WGS data (Methods). Each value represents the subclonal expansion of a 
tumor between PT and R1. Patients are divided into 4 panels depending on their survival 
status and on the delay before relapse events. R1 stands for the analysis of PT vs. R1. The 
subclonal expansion was significantly lower in late relapses compared to early events (p 
=0.0317, Mann–Whitney U test) and in patients who survived compared to those who did not 
(p =0.0159, Mann–Whitney U test). PT: primary tumor; R1: first relapse. 
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5.9. Tables 
Table 1. Childhood B-ALL patient clinical information. 




















34 M 129 1995 High 2.8 323.0 DFCI 91-01 1 PT|R1 NA|94 Relapse 2147 N
62 M 29 1996 Standard 22.3 85.0 DFCI 91-01 1 PT|R1 95|97 Relapse 1025 N
64 F 67 1991 Standard 3.8 30.0 DFCI 91-01 2 PT|R1 NA|95 Relapse 1600 Y
217 F 23 1997 High 99.2 16.0 DFCI 95-01 1 PT|R1 94|87 Relapse 259 Y
325 M 160 1999 High 7.7 12.0 DFCI 95-01 5 PT|R1|R2|R3|R4 98|94|95|81|99 Relapse 306|106|309|41 Y
382 M 60 2000 NA 4.7 NA DFCI 95-01 3 R1|R2 96|70 Relapse 534|105 Y
391 M 35 2000 Standard 10.0 47.0 DFCI 95-01 1 PT|R1 98|92 Relapse 1143 N
394 F 92 2000 Standard 10.5 11.0 DFCI 95-01 1 PT|R1 99|95 Relapse 1189 N
445 F 45 1997 NA NA NA DFCI 2000-01 2 R1|R2 97|93 Refractory (at 222 7|106 Y
447 F 129 2002 High 61.1 94.0 DFCI 2000-01 1 PT|R1 98|95 Relapse 982 Y
579 M 75 2002 High 183.1 29.0 DFCI 2000-01 2 PT|R1|R2 96|90|91 Relapse 1240|496 Y
659 M 35 2004 Standard 29.91 24.0 DFCI 2000-01 1 PT|R1 100|97 Relapse 1420 N
670 M 33 2005 Standard 5.48 20.0 DFCI 2005-01 1 PT|R1 93|94 Relapse 1199 N
684 F 74 2005 NA 8.49 317.0 DFCI 2005-01 2 PT|R1|R2 84|42|48 Relapse 1153|588 Y
717 F 73 2006 Standard 5.55 24.0 DFCI 2005-01 1 PT|R1 100|65 Relapse 1380 Y
764 M 55 2008 High 59.2 21.0 DFCI 2005-01 1 PT|R1 96|73 Relapse 1107 N
772 M 39 2008 Standard 29.72 4.0 DFCI 2005-01 2 R1|R2 93|45 Refractory (at 2736|228 Y
786 M 206 2009 High 120.9 57.0 DFCI 2005-01 2* PT|R1|R2 97|98|95 Refractory 35|22 Y
808 M 15 2010 High 265.7 47.0 DFCI 2005-01 1 PT|R1 93|38 Refractory 199 Y
*2nd sample of the same event  





325 46,XY NA | NA | NA | NA
382 47,XY,t(9;14)(p13;q32),+mar NA | 47,XY,del(2)(p22?),add(3)(p25),t(9;14)(p13;q32),t(16;Y)(q24;q11.2),+mar
391 52,XY,+3,+6,+11,+17,+21,+22 52,XY,+X,+6,+14,+17,+21,+21
394 46,XX,-12,-21,+mar1,+mar2 46,XX,-12,-21,+mar1,+mar2[1]/46,XX,der(12),-21,+mar3[5]
445 NA 47~48,-X,der(1),del(1)x2,-6,der(8),der(17),+21,+21,+mar | NA
447 47,XX,add(6)(q27),der(15)t(?13;15)(p11;p11),add(20)(?q11.2),+21 47,XX,add(1)(q32),add(6)(q27),der(15)(p11),+21
579 46,XY 46,XY | 46,XY
659 55,XXY,+2,+?3,+4,+6,+10,+14,+18,+21 54,XY,+4,+6,del(9)(p21),+10,del(12)(p13),+17,+21
670 51~56,XY,+X,+2,+4,+6,+9,+10,+14,+17,+21 53,XY,+4,+6,+8,+10,+14,+17,+21




786 NA NA | NA
808 46,XY,t(11;19)(q23;p13.1) 46,XY,t(11;19)(q23;p13.1)  
Information concerning the different relapse events are separated by a bar in the cells. WBC: 
white blood cell; NA: not applicable; N: no; Y: yes; PT: primary tumor; R1, R2, R3, R4: first, 
second, third and fourth relapse. 
 
 266 




































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































To be considered as damaging (D), mutations had to present a MutationTaster score >0.9, a 
Polyphen2 score >0.909 or a Sift score ≤0.05. Mutations presenting a Polyphen2 score 
between 0.447 and 0.909 were considered as possibly damaging (P). For each algorithm, 
mutations that did not meet the respective filtering criteria were annotated as tolerated (T). 
VAFs were adjusted for tumor purity. Chr: chromosome; Ref: reference; Alt: alternative; AA: 
amino acid; MS: missense; SS: splice site; SG: stop gain; FI: frameshift indel; AF: allele 
frequency; VAF: variant allele frequency; EA: EuropeanAmerican; pred: prediction; NA: not 
applicable; PT: primary tumor; R1, R2, R3, R4: first, second, third and fourth relapse. 
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S2 Table. CNVs identified among 19 childhood B-ALL patients. 
 
NA: not applicable; PT: primary tumor; R1, R2, R3, R4: first, second, third and fourth relapse. 
Sample Hugo Symbol Chromosome Start position End position Type
217_PT CDKN2A 9 21902343 21997597 LOSS
217_PT PAX5 9 36997417 37000687 GAIN
217_PT NFKB1 4 100772603 103932556 LOSS
217_R1 CDKN2A 9 21902354 21997597 LOSS
217_R1 PAX5 9 36997417 37000687 GAIN
217_R1 NFKB1 4 100772603 103933567 LOSS
325_PT CDKN2A 9 21965073 22012566 LOSS
325_R1 CDKN2A 9 21965073 22012566 LOSS
325_R3 NOTCH2 1 120548111 120548258 GAIN
391_PT NOS3 7 150670943 150873566 GAIN
391_PT POLE 12 132250360 133378852 GAIN
391_PT SLC19A1 21 45774410 48095982 GAIN
391_R1 CBR3 21 37490655 37512565 GAIN
391_R1 POLE 12 132259946 133378852 GAIN
391_R1 SLC19A1 21 45774410 48095982 GAIN
394_PT NF2 22 30005024 30005224 LOSS
394_PT RUNX1 21 35514745 37092998 GAIN
394_PT U2AF1 21 44514819 44524447 GAIN
394_R1 RUNX1 21 36170347 37092998 GAIN
394_R1 U2AF1 21 44514817 44524447 GAIN
447_PT IKZF1 7 50417522 50462935 LOSS
447_PT SETD2 3 47011359 47204518 LOSS
447_R1 IKZF1 7 50413334 50462935 LOSS
447_R1 SETD2 3 47010116 47204518 LOSS
579_PT IKZF1 7 50413334 50462138 LOSS
579_PT ABCC5 3 183280319 184526415 LOSS
579_PT CRHR2 7 30689733 31163196 LOSS
579_PT ELN 7 73072839 76048314 LOSS
579_PT IMPDH1 7 127669008 128465450 LOSS
579_PT MAT1A 10 80853508 82043576 LOSS
579_PT NT5C2 10 102556902 105616713 LOSS
579_PT POLB 8 40698506 42446238 LOSS
579_PT POLE 12 131456449 133779375 LOSS
579_PT POLN 4 809787 7771634 LOSS
579_PT POR 7 73072839 76048314 LOSS
579_PT RAC1 7 4911336 6495466 LOSS
579_R1 IKZF1 7 50413334 50462138 LOSS
579_R1 SMARCA4 19 10054253 11710309 LOSS
579_R1 ABCC4 13 95844281 96152308 LOSS
579_R1 ABCC5 3 183145833 184526415 LOSS
579_R1 CRHR2 7 30689733 31163196 LOSS
579_R1 ELN 7 73072839 76048314 LOSS
579_R1 NT5C2 10 102556902 105587304 LOSS
579_R1 POLN 4 18058 4238315 LOSS
579_R1 POR 7 73072839 76048314 LOSS
579_R1 RAC1 7 4914358 6495466 LOSS
579_R1 SCNN1A 12 5577867 7318631 LOSS
62_PT NOS3 7 150639871 151123518 GAIN
62_PT POLE 12 132304059 133779375 GAIN
64_PT NF2 22 30005015 30005215 LOSS
64_R1 RB1 13 48985764 49064267 LOSS
659_R1 CDKN2A 9 21701942 22176961 LOSS
659_R1 PAX5 9 36882141 37070398 LOSS
659_R1 ETV6 12 NA NA LOSS
670_PT POLN 4 18058 3436588 GAIN
670_R1 POLN 4 18058 3436588 GAIN
684_R1 NF2 22 30005083 30005183 LOSS
717_PT RUNX1 21 NA NA GAIN
717_R1 ATRX X 76937501 76944248 GAIN
717_R1 RUNX1 21 NA NA GAIN
764_PT CDKN2A 9 NA NA LOSS
764_R1 CDKN2A 9 NA NA LOSS
772_R1 KDM6A X 44820527 44833938 LOSS
772_R1 MED12 X 70329118 70344029 GAIN
772_R2 KDM6A X 44820427 44833938 LOSS
786_R2 NF2 22 30005021 30005221 LOSS
808_PT MDM4 1 204498229 204498329 LOSS
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S3 Table. Number of SNVs and indels shared between consecutive events. 
 
Samples Total T1 Total sub. T1 sub. T1 (%) Total T2 Total sub. T2 sub. T2 (%) Shared T1-T2 Persisted T2-spec Ratio T2/T1
34.TvsR 26 10 38 26 9 35 17 0.65 9 1.00
62.TvsR 17 9 53 23 14 61 8 0.47 15 1.35
64.TvsR 25 25 100 67 37 55 2 0.08 65 2.68
217.TvsR 17 14 82 18 13 72 3 0.18 15 1.06
325.TvsR 36 27 75 48 29 60 15 0.42 33 1.33
325.R1vsR2 48 29 60 60 36 60 27 0.56 33 1.25
325.R2vsR3 60 36 60 911 570 63 19 0.32 892 15.18
325.R3vsR4 911 570 63 963 603 63 734 0.81 229 1.06
382.R1vsR2 782 365 47 713 89 12 633 0.81 80 0.91
391.TvsR 13 9 69 8 5 63 1 0.08 7 0.62
394.TvsR 32 19 59 47 32 68 6 0.19 41 1.47
445.R1vsR2 579 520 90 1386 1328 96 379 0.65 1007 2.39
579.TvsR 26 17 65 29 20 69 9 0.35 20 1.12
579.R1vsR2 29 20 69 2185 2171 99 7 0.24 2178 75.34
447.TvsR 17 14 82 20 8 40 2 0.12 18 1.18
659.TvsR 5 4 80 17 6 35 0 0.00 17 3.40
670.TvsR 16 8 50 15 7 47 3 0.19 12 0.94
684.TvsR 30 28 93 31 27 87 5 0.17 26 1.03
684.R1vsR2 31 27 87 3823 97 3 8 0.26 3815 123.32
717.TvsR 1852 161 9 5119 417 8 973 0.53 4146 2.76
764.TvsR 17 11 65 53 10 19 7 0.41 46 3.12
772.R1vsR2 34 18 53 5282 3975 75 11 0.32 5271 155.35
786.TvsR 180 173 96 28 19 68 10 0.06 18 0.16
786.R1vsR2 28 19 68 19 10 53 11 0.39 8 0.68
808.TvsR 17 12 71 9985 1756 18 5 0.29 9980 587.35  
Coding somatic mutations including non-synonymous SNVs, in-frame and frameshift indels 
as well as mutations located in splicing sites were considered here. Persisted values 
correspond to the ratio of the number of variants shared between T1 and T2 over the total 
number of variants identified at T1. T1: event 1; T2: event 2; sub.: subclonal; PT: primary 
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6.1. Résumé des résultats principaux 
Les travaux menés au cours de cette thèse ont tout d’abord permis de développer et de 
rendre disponible un outil d’analyse (SNooPer) qui facilitera l’étude des données somatiques 
par la communauté de la même manière qu’il nous a aidé au cours de ces travaux.  
Ces travaux ont également permis de caractériser une série d’évènements drivers rares ou 
récurrents impliqués dans le processus leucémogène. Par le biais d’une analyse orientée, 
outre l’identification d’acteurs rares et fonctionnels impliqués dans l'initiation ou la progression 
de la leucémie pédiatrique, nous avons été parmi les premiers à démontrer l’importance et le 
besoin d’une analyse prenant en compte l'ensemble des évènements présentant un potentiel 
driver, y compris les moins fréquents. Cela semble indispensable à la mise en évidence de 
l’ensemble des fonctions cellulaires qui par leur dérégulation peuvent participer au 
développement de la maladie.  
Nos projets nous ont également permis de mettre en évidence de nouveaux évènements 
récurrents chez des patients atteints de LAL-T. Nous avons par exemple identifié une 
mutation au niveau d’U2AF1 qui est présente chez 10% des patients de notre cohorte. Nous 
avons démontré l’influence de cette mutation sur l’épissage alternatif de gènes clés et ainsi 
confirmé l’importance du dysfonctionnement de l’épissage dans le développement de la 
leucémie. Nous avons également identifié MED12 et USP9X comme nouveaux drivers portés 
par le chromosome X. Ces gènes n’avaient jamais été associés à la LAL-T et représentent un 
intérêt particulier dans le cadre du débalancement de l'incidence de la maladie en fonction du 
sexe (ratio garçon:fille =1.22). De plus, la majorité des nouvelles mutations identifiées l'ont 
été chez des patients présentant des lymphoblastes bloqués aux stades les plus précoces de 
différenciation, phénotype généralement associé au plus mauvais pronostic. Cette 
observation souligne la diversité génomique de cette leucémie qui explique la complexité de 
prise en charge des patients et démontre le besoin d’un effort de caractérisation approfondie. 
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Enfin, grâce à l’étude longitudinale de patients LAL-B ayant subi une ou plusieurs rechutes, 
nous avons mis en évidence des modèles variables de dynamique clonale qui distinguent les 
rechutes précoces des tardives et suggèrent deux mécanismes de résistance au traitement. 
Un premier que l’on pourrait qualifier d’“actif”, impliquant l'acquisition rapide de mutations de 
résistance, et un deuxième, “passif”, suggérant la réactivation de cellules leucémiques en 
quiescence/dormance qui dans certains cas correspondaient aux cellules composant la 





Malgré les avancées majeures suivant l'avènement du NGS il y a 10 ans, la caractérisation 
génomique exhaustive des tumeurs représente toujours un défi important tant au niveau de la 
collecte du matériel biologique et du design expérimental que du point de vu de l'analyse. 
Parmi les défis auxquels sont confrontés la communauté scientifique, 4 points en particuliers 
sont abordés au sein de ma thèse et seront discutés plus en détails: i) identification de 
mutations somatiques au sein d'un séquençage de faible couverture (low-pass); ii) 
caractérisation de drivers rares; iii) intégration de données multiples; iv) étude de la 
dynamique clonale des populations de cellules leucémiques. 
 
6.2.1. L'analyse du séquençage de faible couverture 
Bien qu'étant devenu de plus en plus routinière au sein des laboratoires analysant des 
données de séquençage de cellules tumorales, l'identification de mutations somatiques 
ponctuelles (SNVs ou indels) demeure une étape clé dans la caractérisation du paysage 
génomique des cancers. Le choix d'un outil adapté aux besoins et aux données est donc 
crucial. Certains outils comme Strelka [116], Varscan2 [117] ou MuTect [118] sont devenus 
des standards, mais leur efficacité est souvent dépendante du contexte. De plus, la nature 
complexe des génomes de cancer combinée à une faible couverture des régions séquencées 
(low-pass) ainsi qu'aux problèmes techniques de séquençage et d'alignement peuvent 
affecter la spécificité et/ou la sensibilité de la plupart de ces outils. Le faible taux de 
concordance entre ces algorithmes [119,120,147] en est une preuve directe. La majorité des 
articles effectuant des études comparatives les testent en utilisant des données présentant 
des couvertures importantes ou, dans le cas contraire, notent généralement une forte 
dégradation des performances [119,120,147,148]. Pourtant, avec le développement de 
projets de recherche portant sur des cohortes de plus en plus grandes ainsi que l'entrée 
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progressive du NGS en clinique en tant qu'outil diagnostic, les approches de séquençage 
systématique de génomes imposent un compromis entre la qualité, la rapidité et le coût de 
génération des données qui se fait souvent au détriment de la profondeur de couverture. Le 
défi réside donc dans l'identification de mutations somatiques au sein de données de qualité 
variable. 
 
En développant SNooPer (chapitre 2: SNooPer: a machine learning-based method for 
somatic variant identification from low-pass next-generation sequencing), notre but était de 
contribuer à la recherche en génomique du cancer en mettant à la disposition de la 
communauté scientifique un nouvel outil s'adaptant aux données. Cet outil offre une 
alternative efficace aux algorithmes traditionnels et montre des performances intéressantes y 
compris dans les conditions les plus difficiles. La flexibilité de la forêt d'arbres décisionnels 
qu'il exploite (Random Forest classifier), couplée à l'entrainement utilisant des données 
issues d'une technologie indépendante, permettent à SNooPer de se départir des biais 
techniques et des erreurs systématiques. Le développement d'un modèle basé sur 
l'entrainement préalable est intéressant puisqu'il permet une analyse qui adapte ses 
paramètres aux données plutôt que de reposer sur des paramètres définis par l'utilisateur et 
qui se limitent en général à une petite série de filtres catégoriels ou numériques, dans le 
meilleur des cas. En rendant SNooPer disponible, nous comblons un vide dans le panel 
d'outils disponibles en proposant pour la première fois une analyse spécialisée capable de 
prendre en charge des données sous-optimales et de retenir des mutations qui présentent 
des caractéristiques causant leur rejet par les autres méthodes. SNooPer a été utilisé pour 
l'identification des mutations caractérisées dans les papiers 2, 3 et 4 (Whole-exome 
sequencing of a rare case of familial childhood acute lymphoblastic leukemia reveals putative 
predisposing mutations in Fanconi anemia genes; A novel somatic mutation in ACD induces 
 283 
telomere lengthening and apoptosis resistance in leukemia cells; Genomic characterization of 
pediatric T-cell acute lymphoblastic leukemia reveals novel recurrent driver mutations) 
constituant les chapitres 3 et 4. SNooPer a notamment permis une exploration approfondie 
des données des études 3 et 4 conduisant à l'identification de mutations somatiques filtrées 
par les méthodes traditionnelles et pourtant validées par la suite. Ces différences de 
performance sont reportées dans le papier accompagnant l'outil puisque les jeux de données 
tests utilisés sont en partie communs aux 3 projets (papiers 1, 3 et 4). 
 
Paradoxalement, les avantages proposés par SNooPer sont directement liés à la particularité 
d'un entrainement préalable qui représente également sa limitation majeure. L'accès à un jeu 
de données validées sur une plateforme indépendante et assez large pour être utilisé dans 
ce contexte peut représenter une complication importante. Afin de réduire l'impact de ce 
problème, dans le cas où des sous-ensembles de validation ne seraient pas facilement 
disponibles, nous avons développé une série de modèles de classification représentatifs des 
designs expérimentaux les plus courants (disponibles sur 
https://sourceforge.net/projects/snooper/). Ces modèles peuvent être utilisés pour l'analyse 
de n'importe quel jeu de données comparable à celui utilisé pour l'entrainement. Toutefois, 
bien que des différences limitées entre les deux jeux de données ne devraient avoir qu'une 
influence mineure sur l'analyse, des résultats optimaux ne seront obtenus qu'en utilisant des 
données séquencées grâce à la même chimie, sur la même plateforme ainsi que préparées 
selon le même processus, incluant les étapes d'alignement et de nettoyage préalable.  
 
Une autre limitation du programme est l'utilisation du format mpileup de SAMtools 
(http://samtools.sourceforge.net/) comme entrée ce qui borne le nombre de variables 
informatives utilisables par l'algorithme lors de la classification. Afin de corriger ce biais, une 
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version exploitant directement le format BAM, offrant par exemple plus d'informations sur les 
spécificités d'alignement, est en cours de développement. 
 
6.2.2. Mutations somatiques rares, les évènements drivers oubliés 
Récemment, de nombreuses études ont souligné l'importance de prendre en compte 
l’étendue de l’hétérogénéité mutationnelle tumorale en montrant que chaque type de tumeur 
ne présente que quelques gènes mutés de manière récurrente contre plusieurs gènes 
rarement mutés [149-151]. Ce phénomène de “long-tail” des gènes peu fréquemment mutés 
complique la distinction driver vs. passenger, puisqu’ils présentent des taux mutationnels 
comparables au sein d'un type tumoral, et rend inefficaces la plupart des méthodes 
d'identification courantes [133]. Une des limitations récurrentes des travaux publiés réside 
dans l'identification des drivers circonscrits aux évènements redondants au sein d'un type 
tumoral. Par exemple, une des méthodes populaires basée sur une définition simpliste de ce 
qu'est un “driver” se concentre sur la détection de “hills” (pour collines) mutationnelles au sein 
des génomes étudiés, se limitant ainsi à la redondance entre tumeurs et se dégageant des 
plaines correspondant au taux mutationnel de base du génome. Le principe même de la 
méthode néglige la possibilité d’événements sélectionnés dans un nombre très limité de cas 
étant donné qu’ils n’apportent d’avantages sélectifs qu’au sein de contextes génétiques 
spécifiques ou d’environnements particuliers [9]. Elle est donc généralement inefficace à 
l’identification de ces drivers contextuels [127] dont l'analyse requerrait une puissance 
statistique uniquement obtenu par le biais de cohortes d'une taille conséquente [152]. Ainsi, 
même les études pan-cancers les plus récentes exploitant les données TCGA (The Cancer 
Genome Atlas) [152-157] ont montré des limites analytiques les empêchant de compléter le 
catalogue de mutations somatiques [133]. 
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Pourtant, comme nous l’avons montré au niveau des différents travaux qui composent cette 
thèse, il est possible d’identifier de nouveaux drivers rares, y compris au sein de types 
tumoraux déjà bien caractérisés. Dans le chapitre 3, l'analyse de l'exome de 3 enfants 
atteints de LAL-B (A novel somatic mutation in ACD induces telomere lengthening and 
apoptosis resistance in leukemia cells), a mené à l’identification de mutations rares ou 
privées au potentiel driver (DOT1L p.V114F, HCFC1 p.Y103H, ACD p.G223V) au sein de 
groupes moléculaires pourtant courants et largement étudiés (hyperdiploïde et t(12;21)). La 
validation fonctionnelle de la mutation ACD p.G223V a permis de démontrer son impact sur 
la résistance à l'apoptose et la régulation de la taille des télomères au sein de cellules LAL de 
type pré-B. Cette étude est d'ailleurs la première à décrire l'implication d'une mutation 
somatique au niveau d'ACD dans le développement de la leucémie. Depuis, le régulateur 
épigénétique DOT1L a également confirmé son rôle au niveau du processus leucémogène 
chez les patients présentant une haute hyperdiploïdie [158]. Un processus d'analyse 
équivalent utilisé dans l'étude de notre cohorte de leucémie LAL-T présenté au chapitre 4 
(Genomic characterization of pediatric T-cell acute lymphoblastic leukemia reveals novel 
recurrent driver mutations) a permis d’identifier des mutations uniques comme USP9X 
p.Q117*. Outre l'intérêt de l'identification de nouveaux gènes ou voies de signalisation 
drivers, ces études représentent une preuve de principe démontrant la complexité génétique 
sous-jacente des cancers. Ainsi, nos données suggèrent que chaque tumeur est composée 
de drivers communs, apportant un avantage sélectif lié à la forte pénétrance des mutations, 
et de drivers rares, voire privés, dont l'effet est dépendant du contexte mutationnel ou 
physiologique. La variabilité interindividuelle démontrée par ces résultats, y compris au 
niveau de cancers très bien caractérisés comme la LAL-B, est d'une importance particulière 
puisqu'elle permet d'expliquer en partie les divergences de réponses au traitement ou 
d'évolution de la maladie observées à l'intérieur même d'un sous-type de LAL pourtant 
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homogène. Elle justifie le développement de nouvelles méthodes d'analyse permettant une 
caractérisation systématique des drivers communs et rares qui composent les tumeurs 
étudiées.  
 
Malgré tout, les méthodes d’analyse utilisées présentent néanmoins certaines limitations. Les 
outils de prédiction qu’elles exploitent entraînent la génération de nombreux faux positifs et 
négatifs [159]. Une étape complémentaire de réduction de la liste de candidats sans a priori, 
comme le criblage par perte de fonction présenté également au niveau du chapitre 3, permet 
de limiter les validations fonctionnelles aux gènes présentant un impact significatif lorsque 
dérégulés. Toutefois, ces cribles basés sur une compétition interclonale, réalisés au sein d’un 
contexte génétique uniforme, ont tendance à faire ressortir les acteurs majeurs de voies 
cellulaires clés et donc à sous-estimer l’importance de candidats contextuels.  
 
À l’heure de la génomique translationnelle (ou “precision medicine”), de nouvelles méthodes 
systématiques d’identification des drivers rares sont nécessaires. Dans ce cadre, des 
approches d’analyse par réseau montrent des résultats prometteurs [125,133]. Elles intègrent 
l’information mutationnelle des gènes à la topologie locale d'interactions entre protéines en 
utilisant de larges bases de données comme TCGA. HotNet2 [133] a notamment permis de 
mettre en évidence plusieurs sous-réseaux d’intérêt, comme celui des complexes cohésine et 
condensine, contenant de nombreux gènes mutés peu fréquemment (~1% des cas) et 
délaissés par les autres méthodes d’analyses mais présentant toutes les caractéristiques de 
drivers potentiels. 
 
Outre une analyse in silico innovante, la caractérisation de nouveaux drivers rares nécessite 
également la mise en place de validations fonctionnelles adaptées. Aujourd'hui, la 
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technologie CRISPR-Cas9, couplée à des xénogreffes cellulaires, offre une possibilité 
envisageable permettant de se rapprocher de la complexité du contexte tumoral d'origine et 
ainsi favoriser la mise en évidence du rôle contextuel de ces mutations rares. Dans le cas où 
des cellules tumorales du patients ne seraient pas disponibles ou exploitables, il est possible 
d'induire une combinaison de mutations par CRISPR-Cas9 [160] au sein de cellules 
humaines (pré-leucémiques dans notre cas) afin de se rapprocher du contexte génétique 
observé, en incluant ou non la mutation d'intérêt. Réaliser ensuite des xénogreffes des deux 
types cellulaires au sein de modèles murins immunodéficients permettrait d'observer si la 
combinaison génétique incluant la mutation rare conduit à un phénotype différent confirmant 
son impact (croissance de la tumeur, invasion, survie des individus). Dans l'éventualité où les 
cellules primaires du patients seraient disponibles, une xénogreffe au sein de modèles 
murins immunodéficients d'une lignée cellulaire derivée de ces cellules portant la mutation 
d'intérêt, et en parallèle de la lignée après correction de la mutation par CRISPR-Cas9, 
devrait de la même façon permettre de mesurer l'effet de la présence de la mutation sur le 
développement et l'évolution de la tumeur induite. Cette expérience, réalisée récemment par 
Antal et al. au niveau du gène de la proteine kinase C dans un contexte de cancer du colon 
[161], conduit à démontrer l'avantage sélectif éventuel apporté par la mutation dans un 
contexte tumoral spécifique. 
 
6.2.3. Le paysage génomique de la LAL-T de l'enfant: le défi de l’intégration de 
données 
Bien que les mécanismes moléculaires impliqués dans la pathogenèse de la LAL-T ont été 
largement étudiés, certains restent encore mal compris. De nombreuses études de 
séquençage génomique à grande échelle portent sur la LAL-T adulte uniquement ou 
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combinent des données adultes et pédiatriques [63,162-165], limitant la caractérisation 
d'évènements spécifiques aux cohortes pédiatriques [62].  
 
Dans l'étude présenté au chapitre 4 (Genomic characterization of pediatric T-cell acute 
lymphoblastic leukemia reveals novel recurrent driver mutations), nous avons utilisé une 
approche intégrative combinant des données immunophénotypiques, génomiques et 
transcriptomiques, ainsi que des données de génotypage afin de caractériser 30 LAL-T 
pédiatriques (diagnostic, rémission et rechute lorsque disponibles). Ces données nous ont 
permis de classer nos patients en fonction du degré de maturation des cellules tumorales. 
Cette étape, particulièrement critique lorsqu'elle concerne les tumeurs les plus immatures 
comme celle du groupe ETP-ALL qui présentent des profils immunophénotypique et 
transcriptomique comparables à des progéniteurs myéloïdes immatures et à des cellules 
souches hématopoïétiques, conduit fréquemment à un diagnostic erroné et contribue à la 
faible caractérisation des groupes ambigus [62,164,166]. Nous avons ensuite déterminé les 
combinaisons de mutations somatiques connues ou nouvelles (incluant SNVs, indels, CNVs 
et réarrangements chromosomiques) présentes dans chaque tumeur et spécifiques à chaque 
groupe de maturation. Nous avons identifié de nouveaux drivers associés à LAL-T pour la 
première fois (U2AF1, MED12 et USP9X). À l’aide d’analyses fonctionnelles in vitro, nous 
avons démontré l'épissage aberrant provoqué par la mutation récurrente (p.R35L) identifiée 
au niveau d'U2AF1, un des membres du spliceosome. Nous avons également démontré que 
la perte de fonction de MED12, membre du complexe Mediator, ainsi que de la 
déubiquitinase USP9X, codé par deux gènes suppresseurs de tumeurs liés à l'X, conféraient 
une résistance à l'apoptose après traitements chimiothérapiques. Soixante pourcent des 
mutations nouvellement identifiées l'ont été au niveau de LAL immatures, en particulier chez 
les 2 ETP-ALLs de la cohorte, soulignant la complexité sous-jacente du paysage génomique 
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de LAL-T et la nécessité d'études intégratives à grande échelle permettant de comprendre 
les mécanismes biologiques de cette leucémie et de ses divers sous-types. L'immaturité des 
cellules du groupe ETP-ALL représente un phénotype à haut risque associé à une mauvaise 
réponse à la chimiothérapie entraînant un risque élevé d'échec de l'induction et de rechute. 
L'identification de nouveaux gènes impliqués dans la pathogenèse de ce groupe fournit des 
pistes de solution pour optimiser le pronostic et proposer de nouvelles stratégies de 
traitement basées sur le profil mutationnel spécifique de ce sous-type.  
 
L'identification de MED12 comme un nouveau driver est particulièrement intéressante. Ce 
résultat fait écho aux travaux récents d'Aifantis et de son équipe qui, à travers la 
caractérisation du lncRNome de la LAL-T, a identifié LUNAR1 (LeUkemia-induced Noncoding 
Activator RNA-1). Ce long ARN non codant régulé par la voie Notch contribue au 
développement de la leucémie en modulant la liaison du complexe Mediator en agissant sur 
MED1 et MED12 [167]. Bien que des études complémentaires soient nécessaires pour 
comprendre la contribution de la perte de fonction de MED12 à la leucémogenèse, 
conjointement ou non aux mutations activant NOTCH1, notre étude appuie l'importance du 
rôle du complexe Mediator dans le développement de la LAL-T pédiatrique. En outre, bien 
que l'étude n'ait pas encore été publiée, des mutations au niveau de MED12 et USP9X ont 
été récemment rapportées chez 3% des patients LAL-T pédiatriques d'une cohorte analysée 
par l'équipe de Charles Mullighan (http://www.bloodjournal.org/content/126/23/691?sso-
checked=true), confirmant le potentiel driver de ces gènes.  
 
De plus, MED12 et USP9X représentent un intérêt particulier dans le contexte du 
débalancement de l'incidence de la maladie en fonction du sexe pour lequel une contribution 
génétique semble de plus en plus évidente [145]. En effet, l'accumulation de mutations perte 
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de fonction au niveau de gènes suppresseurs de tumeurs liés au chromosome X pourrait 
influencer la distribution en fonction du sexe. Jusqu'à maintenant, KDM6A (UTX) qui présente 
des mutations inactivatrices spécifiques aux patients masculins [165] et échappe à 
l'inactivation du X contrairement à PHF6 [162], représentait le candidat le plus solide pour 
influencer ce ratio. Toutefois, le taux mutationnel de KDM6A au niveau de la LAL-T ne 
permet pas à lui seul d'expliquer l'effet observé. Dans le chapitre 4, outre la démonstration de 
l'effet fonctionnel des pertes de fonction de MED12 et USP9X, nous montrons la possibilité 
d'un échappement à l'inactivation du X pour le gène MED12, celui d'USP9X ayant déjà été 
démontré [168]. Ces résultats font de MED12 et USP9X des candidats supplémentaires 
pouvant participer au débalancement.  
 
Bien que notre étude aille dans le sens d'une contribution génétique, nous ne pouvons pas 
exclure la possibilité que d'autres mécanismes sous-jacents, tels que les différences 
hormonales, puissent également contribuer à l'écart sexuel observé dans l'incidence de la 
LAL-T. En effet, le fait que le biais sexuel ait été identifié comme plus prononcé chez les 
femmes en âge de procréer sur la base de l'analyse de 5,202 patients atteints de la LAL [169] 
pourrait en effet suggérer un rôle hormonal. En fait, de nombreux facteurs sous-jacents 
pourraient contribuer à la différence de genre observée, y compris les hormones sexuelles, 
les différences génétiques et épigénétiques ainsi que les causes environnementales [170-
177]. Il a été démontré que les facteurs hormonaux agissent sur l'activité des lymphocytes B 
et T par le biais de récepteurs liés à la membrane qui influencent des voies de signalisation 
cellulaire situées en aval comme NF-kB et JAK-STAT [178]. D'ailleurs, des associations 
genre-spécifiques impliquant l'allèle rs12203592 de l'interféron-4 (IRF4) couplé à l'absence 
d'inhibition de la voie NF-kB par les œstrogènes, régulant elle-même IRF4, ont été identifiées 
[179]. Toutefois, les niveaux hormonaux à l'âge des patients de l'étude (âge moyen au 
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diagnostic: 11.8 ans) sont très similaires quelque soit le sexe [176], ce qui suggère une 
influence limitée. Une programmation prénatale de la régulation de l'expression des gènes 
par les œstrogènes a été suggérée [180], mais des recherches plus poussées sont 
nécessaires pour expliquer les mécanismes impliqués et y voir une association avec le biais 
observé au niveau de la LAL-T pédiatrique. 
 
Une des limitations de ce travail est la taille réduite de la cohorte. Les associations 
identifiées, l'influence éventuelle des pertes de fonctions au niveau de gènes suppresseurs 
de tumeurs sur le ratio garçon:fille, ainsi que les taux mutationnels des gènes mis en exergue 
devront être validés au sein de cohortes plus importantes. On peut d'ailleurs considérer que 
cette limitation concerne l'ensemble des travaux composant cette thèse. 
 
Une autre limitation réside dans le mode d'exploitation des données multiples. En raison de la 
quantité/qualité limitée de l'ARN pour certains de nos patients, le séquençage ne pouvait être 
réalisé que pour 11 des 30 cas de l'étude. Ces données ont néanmoins été utilisées, en 
conjonction avec des données génomiques, cytogénétiques et immunophénotypiques, pour 
la classification de nos patients LAL-T, l'identification d'anomalies chromosomiques 
cryptiques (t(10;11)(p12;q14)) ainsi que l'analyse de l'expression de gènes d'intérêts dans 
lesquels de nouvelles mutations ont été identifiées (MED12, USP9X et U2AF1). Bien que ces 
données n'aient été que partielles, notre objectif était d'utiliser et d'intégrer toutes les sources 
de données disponibles pour améliorer l'interprétation globale de nos résultats. Toutefois, 
comme le rappelait très récemment Elaine Mardis [115], le défi de l'intégration ne réside pas 
exclusivement dans l’analyse indépendante de plusieurs types de données comme ici, ou de 
tests de corrélations un à un a posteriori, mais plutôt dans une analyse méta-dimensionnelle 
combinant simultanément l'ensemble des informations [181,182]. Ainsi, le but est d’intégrer 
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les différentes dimensions génomiques, transcriptomiques, épigénomiques, protéomiques et 
métabolomiques pouvant contribuer aux phénotypes observés. Afin de mieux caractériser les 
génomes de cancers, cette intégration de données doit maintenant devenir un des objectifs 
principaux de la communauté. Bien que certains algorithmes comme DriverNet [183] et 
OncoIMPACT [184] permettent une priorisation des gènes mutés en prenant en compte leurs 
connections aux gènes dérégulés au sein des données d’expression correspondantes, 
l’intégration reste limitée à deux dimensions de données. Les progrès modestes réalisés ces 
dernières années dans le déchiffrage de l’architecture “multi-omiques” des phénotypes 
complexes, en particulier au niveau des cancers, démontrent le besoin d’exploiter des 
méthodes plus complètes. 
 
6.2.4. La dynamique des populations cellulaires à l'origine des rechutes 
Caractériser la dynamique clonale des cellules à l'origine des rechutes ainsi que les 
évènements génomiques contribuant aux mécanismes de résistance est essentiel à la mise 
en place de stratégies thérapeutiques les contournant. Au niveau du chapitre 5 (Mutational 
dynamics of early and late relapsed childhood B-cell acute lymphoblastic leukemia: rapid 
clonal expansion and long-term dormancy), à travers l'analyse des données de génotypage 
et de séquençage d'exome/génome d'échantillons sériels de tumeurs primaires et de 
rechutes uniques ou multiples, nous avons déchiffré l'évolution spatio-temporelle des clones 
composants les tumeurs de 19 patients LAL-B. Notre objectif était d'évaluer la dynamique de 
deux types de rechutes qui se distinguent par le délai d'apparition de l'évènement (avant ou 
après 36 mois suivant le diagnostic). Nous avons distingué deux modèles spécifiques à 
chaque groupe: un modèle hautement dynamique/adaptatif spécifique aux rechutes précoces 
qui illustre l'émergence rapide des clones les plus adaptés aux nouvelles conditions; et un 
modèle d'évolution lent, voire quasi-inerte dans certains cas, qui suggère la réactivation d'une 
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population cellulaire en dormance conduisant à l'apparition d'événements tardifs. Ces deux 
modes ont été capturés que ce soit par le biais d'une quantification de la dynamique clonale 
générale ou par la mesure de l'apparition de nouvelles sous-clonalités dans la tumeur. 
 
Nos travaux se distinguent de la majorité des projets portant sur l'étude de l'impact du 
traitement sur les populations cellulaires tumorales [76,185,186] en proposant, lorsque 
possible, un suivi longitudinal permettant de saisir la complexité de l'évolution temporelle. 
Outre la rareté de ce design expérimental liée à la complexité de la collecte de tels 
échantillons, à notre connaissance, cette étude est la première à capturer les deux modes de 
dynamique régissant les rechutes tardives et précoces par le biais de l'étude de la fluctuation 
de la fréquence allélique des mutations somatiques. Ce décryptage séquentiel est pourtant 
essentiel à l'identification de l'ensemble des déterminants de l'échec thérapeutique [187]. De 
plus, l'accès au matériel tumoral prélevé au moment du diagnostic et jusque 6 ans plus tard, 
au moment de la rechute, permet d'interroger l'origine des cellules initiant les rechutes à long 
terme, mécanisme peu documenté faute de design adéquat. Jusqu'à récemment, les 
données attribuant les récurrences tardives à l'émergence de clones dérivés de la population 
originale au moment du diagnostic étaient très limitées et se cantonnaient généralement à 
l'utilisation des réarrangements physiologiques des gènes d'immunoglobuline (IGH/IGK) 
comme marqueurs spécifiques des clones [188-190]. Ici, l'analyse des données de 
séquençage nous a permis de montrer que dans certains cas une majorité de mutations 
identifées au niveau de la tumeur primaire sont partagées avec la rechute tardive. L'identité 
génotypique identifiée ici entre les populations clonales de la tumeur primaire et de la rechute 
fournit sans ambiguité la preuve d'une ré-émergence possible de la population prédominante 
au moment du diagnostic. Ces données sont contradictoires avec les résultats obtenus 
récemment par l'équipe de Mel Greaves qui suggéraient la réactivation de cellules souches 
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pre-leucémiques distinctes ne partageant aucune mutation avec la population de la tumeur 
primaire mise à part les évènements les plus ancestraux (ex: fusion BCR-ABL1) [18]. Cette 
divergence est particulièrement intéressante. L'absence d'évolution clonale à la suite d'une 
rechute implique que les cellules leucémiques n'ont subi aucun changement biologique 
pendant leur dormance prolongée. Si tel est le cas, il est probable que la réapparition de la 
leucémie ait été provoquée par un relachement de la surveillance immunitaire de l'hôte 
contrôlant jusque-là le clone [188], plutôt qu'à une évolution du clone permettant la mise en 
place d'un mécanisme d'échappement à cette surveillance, comme pourraient le suggèrer les 
travaux de Mel Greaves [18]. Si l'absence de changement au niveau moléculaire est confirmé 
dans la majorité des rechutes tardives, cela représente un atout clinique puisque la leucémie 
conserve sa chimiosensibilité. Dans ce cadre, le traitement permet d'aboutir rapidement à 
une nouvelle rémission comme nous l'avons observé ici. 
 
Le faible nombre de cas étudiés (8 rechutes précoces et 11 tardives) représente ici aussi une 
des limitations majeures de ce projet, en particulier dans le cas de résultats contradictoires 
avec certains travaux publiés. Par conséquent, bien que les profils obtenus pour les deux 
groupes soient significativement différents malgré la taille de notre échantillonnage, une 
validation utilisant les données d'une cohorte étendue renforcerait les conclusions de l'étude. 
 
De plus, en dépit d'une couverture de séquençage relativement profonde (couverture 
exonique moyenne =200X), elle reste limitante et ne permet pas une caractérisation 
exhaustive de l'architecture sous-clonale. En effet, le processus courant de séquençage se 
fait à partir d’une masse cellulaire. Cette méthode, utilisée dans les différents projets qui 
composent cette thèse, entraîne plusieurs limitations qui ne laissent entrevoir qu’une image 
partielle et simplifiée de la réalité. L’utilisation de telles données afin d’étudier la structure de 
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la population cellulaire se fait en extrapolant le fait que la fréquence allélique des mutations 
somatiques identifiées est représentative de la proportion de clones mutés dans la masse de 
cellules séquencées. Le premier problème est inhérent à ce principe: bien que compensé par 
un séquençage de plus en plus “profond” [191], la limite de détection des sous-clonalités 
atteint rarement des valeurs inférieures à 0.01 de fréquence allélique pour 1,000X de 
profondeur [192,193]. Cette limite laisse inexplorées de multiples sous-clonalités qui, même 
en représentant moins de 1% de la masse tumorale totale, diversifient le phénotype de la 
tumeur [194]. La déconvolution de ces données pose un autre problème. Regrouper des 
mutations identifiées au sein d’une tumeur, dont la proportion de contamination en cellules 
normales est souvent inconnue, pour en déduire un nombre indéterminé de sous-clones est 
un défi de taille lorsque la technologie utilisée produit des séquences courtes rendant 
particulièrement complexe la détermination du “phasing” des variations génétiques [195]. De 
nouvelles technologies de séquençage sont néanmoins disponibles et devraient permettre à 
l’avenir de contourner ces difficultés. Le séquençage de cellules uniques, par exemple, a le 
potentiel de déchiffrer la complexité tumorale à sa plus petite échelle et donc de résoudre le 
problème de sensibilité. Toutefois, la technologie est encore émergente et le biais imposé par 
la pré-amplification nécessaire au séquençage d’une molécule unique entraîne la génération 
de nombreuses erreurs rendant les données difficiles à interpréter [196-197]. De plus, le coût 
de leur acquisition reste prohibitif. Les technologies produisant de longues séquences (>1 
kilobase) peuvent quant à elles résoudre le problème de phasing. 
 
Enfin, l'identification de deux phénotypes de dynamique clonale soulève la question de 
l'identification des éventuels déterminants génétiques les causant, question abordée 
seulement partiellement dans cette étude. Dans ce contexte, le problème se pose sans doute 
différemment en fonction du phénotype. En ce qui concerne celui des rechutes précoces, 
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l'hypothèse d'une dynamique forte alimentée à l'origine par l'apparition de mutations 
somatiques dans un ou plusieurs gènes d'une des voies de réparation des dommages à 
l'ADN est une hypothèse séduisante. D'ailleurs, l'identification d'une surreprésentation de cas 
du groupe précoce avec des mutations au niveau de ces gènes (62.5% contre 18.2% des 
patients avec rechutes tardives) va dans ce sens. Pour vérifier cet effet, non significatif à 
l'échelle de notre cohorte, il est indispensable d'augmenter notre pouvoir statistique. Dans ce 
cas, l'étude du matériel de rechute d'une cohorte étendue incluant les deux phénotypes est 
indispensable. Pour ce qui est des rechutes tardives, la solution est probablement plus 
complexe. Si la forte plasticité observée pour le premier groupe présente sans doute une 
origine somatique, celle du phénotype de dormance pourrait être germinale, somatique ou 
issue d'une interaction entre les deux “génomes”. Divers mécanismes ont déjà été proposés 
pour tenter d'expliquer les phénomènes de rechutes tardives, incluant une prolifération 
contrôlée, une activité angiogénique limitée ainsi qu'une interaction avec le micro-
environnement de la niche stromale maintenant les cellules tumorales hors de portée de la 
surveillance immunitaire, éventuellement par le biais d'une signalisation chimique [198-200]. 
Si des polymorphismes participent au phénotype observé, une étude d'association basée sur 
des données de séquençage [201] (“sequencing-based association study”) de cas présentant 
des phénotypes marqués est envisageable. Toutefois, le pouvoir statistique limité dû à la 
rareté des cas de rechutes tardives risquent de la compromettre. Si le phénotype est lié à des 
modifications somatiques, une étude similaire à celle proposée pour le premier phénotype 
devrait permettre de les identifier. Toutefois, la diversité des mécanismes pouvant expliquer 
le phénotype imposent une analyse sans a priori, intégrant les mutations somatiques les plus 
rares et tenant compte des réseaux d'interaction des protéines concernées. Enfin, une 
analyse intégrant une mesure de l'interaction entre polymorphismes et mutations somatiques 
pourrait également être intéressante dans ce contexte. 
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6.3. Conclusion 
De manière générale, cette thèse a eu pour objectif de contribuer à l’identification et à la 
caractérisation des déterminants et processus génomiques qui constituent la variabilité inter- 
et intra-tumorale des leucémies pédiatriques. Elle permet non seulement d'améliorer l'état 
des connaissances spécifiques de la biologie de la LAL pédiatrique en mettant en évidence 
de nouveaux acteurs moléculaires de la maladie, mais interroge également sur des principes 
plus larges qui pourraient être extrapolés à d'autres types de tumeurs tels que l'implication 
des mutations contextuelles dans le développement de cancer ou la dynamique évolutive 
conduisant aux rechutes.  
De manière générale, nous espérons qu’elle puisse à terme constituer l’une des pierres de 
l’édifice que représente le prochain grand défi de notre communauté scientifique: une 
caractérisation exhaustive, intégrative et systématique des tumeurs et de leurs rechutes. 
Ultimement, ces connaissances devraient permettre une meilleure stratification des cas, 
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